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Abstract

The promise of robot manipulation is to automate tasks that are too dull,
dirty, or dangerous for humans. Realizing this promise requires remarkable re-
source efficiency: robots must adapt to new tasks with limited data and compute,
while meeting stringent industrial performance requirements. Current learning-
based systems can succeed in dexterous tasks, but require large amounts of
resources to reach industrial standards. A possible explanation for the ineffi-
ciency is that frontier models learn from images. Content that is irrelevant to
robotics dominates the images. Previous work has improved efficiency through
task-specific feature engineering. Can we construct similarly focused repre-
sentations that remain scalable and broadly applicable? This thesis explores
spatiotemporal representations as a possible alternative through spatiotemporal
reconstruction, learning generative priors, and world-action models.

The first part of this thesis addresses spatiotemporal reconstruction. Robots
may benefit from observing past experiences in a precise spatial (3D reconstruc-
tion) and temporal (3D point tracks) context. A crucial prerequisite for obtaining
these contexts is geometric camera calibration. I propose a method for robustly
calibrating wide-angle lenses in a new easy-to-use calibration toolbox, Tartan-
Calib, which researchers use around the world. TartanCalib requires dedicated
calibration captures, which are not always available. I propose MASt3R-SfM,
which uses a pairwise reconstruction foundation model (MASt3R) to achieve
unconstrained structure-from-motion. Using a set of calibrated captures, I then
explore neural rendering techniques for multi-view reconstruction. Residual-
NeRF uses a known background to reduce ambiguity when reconstructing
transparent objects. DeformGS extends to dynamic scenes and estimates dense
scene motion in highly deformable environments. Cloth-Splatting reconstructs
cloth faster and with greater quality, using a pre-trained cloth dynamics model.

The second part investigates generative spatiotemporal priors for robot
manipulation. Humans understand viable geometry and motion from partial
observations, and robots benefit from a similar prior. I propose RaySt3R, a
foundation model that completes objects from a single view. It achieves this
by casting object completion as a novel-view depth prediction task. However,
acquiring this kind of geometric supervision at scale is expensive. To learn from
arbitrary images, I propose a post-training recipe (Modality Forcing) to generate
monocular depth maps from a text-to-image (T2I) model. I discover that depth
quality scales with T2I pre-training, and contribute a state-of-the-art monocular
depth estimator. However, this image-based prior does not yet capture temporal
structure. In PointZero, I study 3D point track completion as a pre-training
objective for 3D world-action models (WAMs) without requiring robot action
labels. I show that PointZero improves performance in action-conditioned
dynamics prediction and imitation learning.
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The third part considers spatiotemporal world-action models. In 3PoinTr, I
study 3D point tracks as an alternative to video in world-action models (WAMs).
To condition a closed-loop policy on compact task plans, 3PoinTr predicts
3D point tracks instead of video. These plans outperform 2D track plans.
However, complementary modalities may improve on 3D point tracks alone.
With ModAR, I investigate world-action models that autoregressively predict
multiple future modalities before generating actions. I contribute the first
controlled study across data, modalities and WAM formulations. I find that
learned visual features from DINO (a self-supervised visual encoder), point
tracks, and depth are beneficial while predicting future RGB images provides
no consistent additional benefit at the evaluated scale.

Together, these works connect spatiotemporal reconstruction, generative
priors, and action generation to study how spatiotemporal representations can
support scalable robot learning.
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This figure shows the rendering and tracking of DeformGS in the six dy-
namic Blender scenes used for evaluation. We will refer to the scenes in
this figure as Scenes 1, 2, 3, 4, 5 and 6 ordered from left to right, and top to
bottom. . . . . ...
Resultson Scene 5. . . . . . . .. .. Lo
A person manipulating a duvet in the Robo360 [176] dataset, reconstructed
using DeformGS. The top row shows the 4D Gaussians as point clouds,
where the color represents dense correspondences. The bottom row shows
rendered views overlaid with 3D trajectories projected to image space.

3D point tracking on duvet (left) and cloth (right) folding scenes. Com-
pared with 4D-GS (top), DeformGS (bottom) infers smoother, less tangled
trajectories. . . . . . v v v i e e e e e e e e e e

Cloth-Splatting state estimation of a real-world cloth. We introduce Cloth-
Splatting, a 3D state estimation method for cloth from sparse RGB ob-
servations that combines Graph Neural Network (GNN) with Gaussian
Splatting (GS). Given an initial sequence of 3D mesh predictions from
the GNN (left), Cloth-Splatting (right) updates it using RGB observations,
achieving state-of-the-art 3D tracking performance for deformables.
Overview of Cloth-Splatting. We estimate the 3D state of the cloth through
a prediction-update framework. We use a graph neural network (GNN)
to approximate the transition function that estimates the next state 1\7It+1
given an action a; and the state M;. We then employ our proposed mesh-
constrained Gaussian Splatting (GS) as a measurement model hgg to obtain
an estimate of the observation ?tﬂ given the current refined state 1\7It+1 =
Mt—i—l + 5Mt+1. The differentiability of GS allows us to iteratively optimize
the update §Mt+1 of the state estimate via the photometric consistency loss
between the ground-truth observation Y, ; and the rendered state Ytﬂ. ..
Qualitative results (sim). Tracking and rendering results on SHIRT (top)
and SHORTS (bottom) SCENEeS. . . . . v v v v v v v v v e e e e e e e
Time ablation. Convergence times of Cloth-Splatting and MD-Splatting on
a SHORTS scene. The offset to the y-axis arises from the GNN predictions
(1.36 s) and the 3D Gaussian initialization (26.55s). . . . . . ... ... ..

RaySt3R is a method for zero-shot 3D shape completion from a single
foreground-masked RGB-D image. It predicts depth maps, object masks,
and per-pixel confidence scores for novel viewpoints, and fuses them to
reconstruct a complete 3D shape. RaySt3R is able to recover the geometry
of full objects in cluttered real-world scenes, despite only being trained on
syntheticdata. . . . . . . . ...
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The architecture of RaySt3R. RaySt3R takes a single RGB-D image and
foreground mask as input, and predicts depth maps, object masks, and per-
pixel confidence scores for novel views. First, we apply the foreground
mask to the RGB and point map input. Next, we use self-attention layers for
the point map and ray map inputs, and feed the RGB image into the frozen
DINOV2 [225] encoder. We feed all features into cross-attention layers
followed by two separate DPT heads [244] for depth and mask predictions.
Finally, we provide a confidence- and occlusion-aware multi-view merging
formulation. . . . . . ...
Qualitative results of RaySt3R in real-world multi-object scenes. For each
scene, we select a subset of methods to preserve visual clarity, but we
share all method predictions in the supplementary material of the original
paper [73]. The results suggest RaySt3R produces the most geometrically
accurate shapes compared to the baselines. The most competitive baseline,
OctMAE [129], tends to predict softer shapes as a result of its coarse 3D
MAE grid. We observe TRELLIS [361], Unique3D [356], and LaRI [162]
struggle with relative object placing, aspect ratios, and out-of-distribution
objects, occasionally leading to incorrect registration to the ground truth
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Confidence threshold vs error metrics averaged over all real-world datasets.
The results suggest increasing the confidence threshold improves accuracy
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The impact of the confidence threshold on the predicted 3D points. This
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We present Modality Forcing, a post-training recipe to extract spatial priors
from text-to-image (T2I) models. A single DiT models the joint distribution
over images and depth, enabling joint and conditional generation in arbitrary
combinations. We demonstrate depth predictions improve with increasingly
capable T2I pre-training, suggesting T2I is a scalable objective for spatial
ENETAtION. . . . . . v v i e e e e e e e e e e e e e
Modality Forcing generates rich RGB-Depth from text prompts. Unpro-
jecting the points to 3D, Modality Forcing generates faithful and sharp
geometry. The same checkpoint enables monocular depth estimation, and
depth-to-image generation competitive with the best specialist models.
Modality Forcing is a recipe to post-train image-generation models for depth
prediction. We encode RGB using a pre-trained VAE and depth using a
per-pixel tokenizer. During training (a), each modality is independently
noised and trained with separate losses. At inference (b), each modality’s
noise level can be controlled to yield image—depth, depth—image, or joint
ENETAtION. . . . . . v v i e e e e e e e e e e e
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Chapter 1

Introduction

Robot manipulation promises to automate repetitive, physically demanding and dangerous
work. Carefully engineered systems can already deliver high throughput, precision, and
reliable execution of many tasks. This good old-fashioned engineering (GOFE) is effective
when tasks are highly repeatable, but extending to new tasks requires vast resources.

The goal of this dissertation is to lay the groundwork to develop systems that can adapt to
new and non-repeatable tasks with minimal human intervention. Towards this goal, learning-
based approaches aim to acquire manipulation skills from data. In imitation learning, we
train a policy on observations paired with demonstrated robot actions. In world modeling,
we learn from a much broader source of data: unstructured (visual) data without robot action
labels. By learning to predict observations and how scenes change, a model can acquire a
broad understanding of the world without robot action labels.

Recently, researchers have scaled imitation learning and world modeling towards broadly
capable foundation models. These models often break the training process into two parts: pre-
training and post-training. During pre-training, a model acquires broadly useful knowledge
from diverse data. During post-training, researchers adapt that knowledge to a particular
set of robot embodiments and tasks using demonstrations or interaction. Pre-training helps
achieve robust task performance, but adaptation still requires astonishing amounts of data,
computation, and human effort. One potential explanation for the inefficiency is that frontier
models perceive and generate in RGB pixel space directly, which is a noisy modality with
low signal for robotics tasks.

This dissertation proposes methods for acquiring spatiotemporal intelligence. Like
humans, robots benefit from understanding spatial relationships over time. From infancy,
humans develop object permanence: the understanding that objects continue to exist even
when they are out of sight. Reasoning about the physical world beyond immediate obser-
vations also matters for robot manipulation. I develop methods that learn geometry and
dynamics to infer unobserved structure and predict how scenes change.



Thesis goal

Video prediction Spatiotemporal
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Figure 1.1: Generality and efficiency in representation design. This thesis investigates
spatiotemporal world models that retain broadly useful physical structure while focusing
prediction on information relevant to manipulation. The representation choices and dashed
curve are schematic, rather than measured comparisons.

1.1 General and efficient representations

To frame this dissertation’s investigation of general and efficient spatiotemporal represen-
tations, I define four design goals: sufficient, obtainable, learnable, and focused (SOLF)
representations. These goals provide an application-independent framework for comparing
representations, although their relative importance depends on the application.

Sufficient. Retain the information needed to choose high-quality actions
for the intended tasks.

General
Obtainable. Be recoverable from broadly available images, video, or
simulation with an acceptable yield rate.
Learnable. Make task-relevant information easy to extract and predict.
) ) ) Efficient
Focused. Retain only the information necessary to execute the task.

When a representation is sufficient and obtainable, we may call it general. We may call a
representation that is both focused and learnable efficient. Notably, efficiency is not only the
number of bytes a representation uses to describe a state (focus), it also measures the effort
it takes to retrieve task-relevant features (learnability). Figure 1.1 shows existing trade-offs.

RGB images are cheap to obtain, being close to a raw sensor reading. Images also
contain rich world information and are sufficient for many tasks, making them a general
representation. However, images are hard to learn from and generate and lack focus on
task-relevant features, making them inefficient.



Task-specific features can focus on the quantities needed for a particular behavior, but
they are not general or scalable. Learned visual features from DINO, a self-supervised visual
encoder, offer a more general alternative, with higher learnability than images. This thesis
investigates explicit geometry and motion as another route to combining broad applicability
with focused prediction, as Figure 1.1 illustrates.

1.2 Thesis contributions

The work in this thesis comprises three complementary parts. First, I develop methods to
reconstruct past experiences with 3D geometry and correspondences over time, which can
serve as a policy input or an auxiliary learning objective. Second, I propose generative
formulations that learn focused geometric and dynamic priors from visual data. Third, I
incorporate these priors into spatiotemporal world-action models (WAMs) and demonstrate
their benefits on simulated and real-world robot manipulation tasks.

1.2.1 Spatiotemporal reconstruction (Part I)

Part I develops methods for recovering 3D geometry and dynamics from visual observations
(Figure 1.2). The objective is to reconstruct the complete geometry and correspondences of
the scene over time, which can provide supervision for downstream tasks.

A rich body of work exists on reconstruction, recovering geometry from arbitrary image
sets through structure-from-motion (SfM), 2D and 3D tracking, and geometric camera
calibration. The constraints of these methods limit their adoption: existing methods only
perform well in constrained cases, such as dense captures for SfM. This part aims to relieve
some of these constraints in order to make spatiotemporal representations more obtainable,
and as a result more general.

1.2.1.1 Geometric camera calibration

Geometric camera calibration is a crucial prerequisite for many downstream spatiotemporal
reconstruction tasks such as stereo depth or visual-inertial odometry (VIO). It aims to recover
the intrinsics and extrinsics of a set of cameras. Intrinsics capture the ray direction of each
pixel, whereas extrinsics contain the relative pose between cameras.

TartanCalib (Chapter 2) focuses on wide-angle camera calibration. Wide-angle cameras
offer a compelling form factor for mobile robots but are notoriously challenging to calibrate.
TartanCalib improves wide-angle camera calibration through iterative target reprojection
and adaptive subpixel refinement. TartanCalib uses intermediate camera estimates to im-
prove feature detection, which increases calibration accuracy and supports more accurate
downstream depth mapping.

TartanCalib requires dedicated calibration captures, which are not always available. In
MASt3R-StM (Chapter 3), I contribute a method to calibrate multiple cameras using a single
image from each camera (details in Section 1.2.1.2).
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Figure 1.2: Reconstruction problems studied in Part I: calibrating cameras, recovering
camera poses and scene geometry, and reconstructing geometry as it changes over time.

1.2.1.2 Static 3D reconstruction

Reconstructing previous experiences in 3D may help provide richer supervision, and equip
robots with spatial understanding. MASt3R-SfM (Chapter 3) uses learned pairwise geometry
and correspondences to jointly estimate cameras and 3D structure from image collections.
Global alignment and efficient image retrieval make these predictions usable for reconstruc-
tion in challenging capture conditions, including limited covisibility or limited motion.

Next, I use the calibrated captures for reconstruction with neural rendering techniques.
In many robotics use cases, such as a factory working cell, we know the environment ahead
of time. Residual-NeRF (Chapter 4) uses a background reconstruction to improve the speed
and accuracy of geometric reconstruction. Residual-NeRF deploys a neural radiance field
(NeRF) to estimate the geometry of transparent objects. It learns a residual NeRF and
improves reconstruction accuracy, training speed, and grasp planning.

1.2.1.3 Dynamic 3D reconstruction

Static 3D reconstruction captures scene geometry but does not model how scenes evolve
under interaction. I extend my previous work to recover 3D correspondences.

DeformGS (Chapter 5) recovers dense 3D motion from synchronized, calibrated multi-
view videos. A canonical Gaussian representation, a learned deformation function, and
physics-inspired regularization improve tracking in scenes with large deformations, shadows,
and occlusions. DeformGS unlocks millimeter-precise tracking in challenging scenes.

Cloth-Splatting (Chapter 6) extends DeformGS by learning a generic cloth dynamics
model as a prior. It couples a cloth mesh to 3D Gaussians and allows RGB observations
to update predicted states. Compared to DeformGS, it improves estimation quality and
convergence time.
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Figure 1.3: Spatiotemporal generation in Part II: unobserved object shape, depth through
joint RGB—depth denoising, and 3D point tracks from sparse conditioning. Blue dashed
curves and dotted meshes mark completed geometry and motion.

1.2.2 Generative spatiotemporal priors (Part II)

Reconstruction provides rich evidence in observed scenes, but humans can reason about
unobserved states, whether current or future. Part II studies how models can learn such
priors and apply them to new tasks, with particular attention to the supervision they require.
That is, I contribute methods that absorb easily obtainable data. Figure 1.3 summarizes the
shape, depth, and motion completion problems studied in this part.

RaySt3R (Chapter 7) formulates object completion as novel-view depth prediction. From
a single RGB-D observation and a foreground mask, it predicts depth, masks, and confidence
at queried viewpoints and then fuses the predictions into a completed shape. Training on
synthetic views produces a prior that transfers to real objects and cluttered scenes.

Modality Forcing (Chapter 8) adapts text-to-image models to jointly generate RGB and
depth, with a training formulation that accommodates sparse depth supervision. Controlled
experiments show that additional image-only pre-training improves depth prediction with
fixed depth training data. This establishes a way to acquire geometric knowledge from data
without geometric labels.

PointZero (Chapter 9) learns dynamics through 3D point-track completion: given an
RGB-D observation and sparse future trajectories, it predicts the motion of the remaining
observed points. Pre-training uses simulated interactions without robot action labels. The pre-
training transfers to real-object motion completion and improves downstream manipulation.
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Figure 1.4: World—action models (WAMs) in Part III: generating 3D point-track plans to
condition a closed-loop policy, and denoising future modalities sequentially to condition
robot actions. Point tracks, visual features, and depth in a single WAM.

1.2.3 Spatiotemporal world-action models (Part III)

A world-action model connects predictions of the environment to the generation of robot
actions. Part III studies which future representations to predict and how a policy should use
them. Figure 1.4 illustrates the two approaches studied.

3PoinTr (Chapter 10) learns 3D scene-motion plans from human videos and uses robot
demonstrations to train a closed-loop policy conditioned on those plans. Its design separates
desired scene motion from robot-specific actions, allowing the policy to benefit from human
demonstrations that need not reproduce the robot’s movements. The experiments suggest
that 3D track plans outperform 2D track plans.

ModAR (Chapter 11) predicts future modalities sequentially before generating actions.
In controlled simulation comparisons, this formulation achieves the highest average success
rate at each tested data scale. Point tracks, depth, and DINO features provide complementary
gains, while adding future RGB prediction does not produce a consistent improvement.

Chapter 12 synthesizes these findings through SOLF and develops future directions in
selective prediction, online adaptation, and the role of world modeling in control.
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Chapter 2

TartanCalib: Iterative Wide-Angle Lens
Calibration using Adaptive SubPixel
Refinement of AprilTags
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TartanCalib: Iterative Wide-Angle
Lens Calibration using Adaptive

Accurate geometric camera calibration is a critical prereq-
uisite for many reconstruction applications, such as visual-
inertial odometry (VIO) or multi-view stereo (MVS).
Wide-angle lenses are a desirable form factor as they re-

SubPixel Refinement of duce ambiguity and increase covisibility between views.
AprilTags [69]. But accurate calibration at the highly distorted edge is
arXiv, 2022. notoriously difficult. Here we introduce a novel method

and easy-to-use calibration toolbox that is used around the
world. In SOLF, this improves obtainability by making
accurate geometric calibration more accessible.

Wide-angle cameras are uniquely positioned for mobile robots, by virtue of the rich infor-
mation they provide in a small, light, and cost-effective form factor. An accurate calibration
of the intrinsics and extrinsics is a critical prerequisite for using the edge of a wide-angle
lens for depth perception and odometry. Calibrating wide-angle lenses with current state-
of-the-art techniques yields poor results due to extreme distortion at the edge, as most
algorithms assume a lens with low to medium distortion closer to a pinhole projection. In
this chapter we present our methodology for accurate wide-angle calibration. Our pipeline
generates an intermediate model, and leverages it to iteratively improve feature detection
and eventually the camera parameters. We test three key methods to utilize intermediate
camera models: (1) undistorting the image into virtual pinhole cameras, (2) reprojecting
the target into the image frame, and (3) adaptive subpixel refinement. Combining adaptive



subpixel refinement and feature reprojection significantly improves reprojection errors by
up to 26.59 %, helps us detect up to 42.01 % more features, and improves performance
in the downstream task of dense depth mapping. Finally, TartanCalib is open-source and
implemented into an easy-to-use calibration toolbox. We also provide a translation layer
with other state-of-the-art works, which allows for regressing generic models with thousands
of parameters or using a more robust solver. To this end, TartanCalib is the tool of choice
for wide-angle calibration. Project website and code: http://tartancalib.com.

2.1 Introduction

Cameras with wide-angle lenses enlarge the field-of-view (FOV) of a mobile robot in a
compact form factor. This feature provides many benefits for crucial tasks such as visual
odometry and depth mapping since a larger FOV brings more visual features. However,
careful calibration is mandatory to fully leverage the image regions with high levels of
distortion. Typically, calibration is obtained by showing the camera a known calibration
target, which is then used to estimate the intrinsics of the camera model and extrinsics for
multi-camera systems. Unlike ordinary lenses, wide-angle lenses, due to the high level of
distortion in the image, impose certain special challenges: (1) it is challenging to robustly
and accurately detect the visual features of the calibration target, due to extreme lens
distortion. (2) The camera models available may not fit the lens very well. Previous work
predominantly focused on obtaining more suitable camera models [59, 138, 267, 311], or
finding better procedures to fit the camera models [190, 262, 263, 310]. Consequently, most
publicly available tools only provide acceptable calibration results in the middle region of a
wide-angle lens, where distortion is moderate, leaving the majority of the highly distorted
border areas unusable. To make more image regions usable and effectively explore the visual
information embedded near the border of a wide-angle lens, we need better calibration that
delivers improved intrinsics and extrinsics parameter estimation.

Here, we focus on accurate and robust target detection in the high distortion regions.
State-of-the-art target calibration pipelines [153, 224, 267] fail in the presence of high
distortion, as shown in Figure 2.1. The two key procedures of these calibration pipelines,
target detection and feature refinement, rely on the assumption of low to medium distortion or
a camera projection that is close to a pinhole camera. These assumptions are violated in the
case of wide-angle lenses, especially near the image border. The result is that many features
are either not detected or are not detected in an accurate way. For those sparsely detected
border features, their pixel locations tend to be inaccurate because of poor performance of
the feature refinement methods in the high distortion regions. The above issues deteriorate
the quality of the estimated camera model and limit the usability of the border region of a
wide-angle lens.

In this chapter, we propose an iterative calibration pipeline (Figure 2.2), which consists
of three core elements: (1) undistortion of the original image, (2) reprojecting the target into
the image frame using the intermediate camera model, and (3) adaptive subpixel refinement
based on reprojected target size. For our method, we develop two new subpixel feature
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http://tartancalib.com

TartanCalib Kalibr

Figure 2.1: Comparison of target detection and feature refinement between TartanCalib and
Kalibr. (Left) Target detection. Green circles: features newly detected by TartanCalib,
orange circles: features previously picked up by Kalibr [245]. (Right) Zoomed-in view of
detected features. Green point inside green and orange circles: refined features of
TartanCalib, red point inside orange circle: features from Kalibr. TartanCalib detects more
features near the image border and the features have better location accuracy.

refinement methods to facilitate accurate target detection in highly distorted regions, towards
a better overall calibration in the border area of a wide-angle lens. Our contributions are:

* A novel methodology for wide-angle lens calibration, using iterative target reprojection
and adaptive subpixel refinement.

* We show the benefit of our pipeline using traditional quality metrics such as reprojec-
tion error, as well as some downstream tasks relevant to mobile robots.

* We present our pipeline as an open-source easy-to-use package, which we term
‘TartanCalib’.

Using our method, we find up to 42.01 % more features, and up to 26.59 % lower overall
reprojection error. The entire pipeline is made open-source and integrated into Kalibr.

2.2 Related Work

This Section lays down the related work in the areas of camera models (Section 2.2.1),
calibration toolboxes (Section 2.2.2), and pattern design and feature detection (Section
2.2.3).
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Figure 2.2: The pipeline of TartanCalib. The pipeline consists of an iterative calibration
procedure with a newly proposed adaptive feature refinement method.

2.2.1 Camera Models

A typical calibration procedure needs to select a parametric or generic camera model for a
lens and estimates the model parameters during the calibration process. There are a number
of models designed specifically for wide-angle lenses, as their projection is significantly
different from low-distortion cameras. Some of the more common models are the Double
Sphere model [311], the Kannala-Brandt model [138], and the Field-of-View model [59].
Parametric models typically have only a few degrees of freedom, making their parameters
easier to be estimated as compared with generic models, but providing a trade-off in
accuracy. Generic models have far more parameters, aiming to more accurately represent
lens geometry. It has been shown that these models have a significantly lower reprojection
error [267]. A distinction can be made between non-central generic models and generic
models. Central generic models [18, 19] assume all observation lines intersect in the center
of projection, whereas non-central generic models do not make that assumption [101, 243].
Typically non-central generic models perform better but may be more complicated to deploy
(e.g., undistortion to a pinhole image is not possible without knowing pixel depth). Our
toolbox, TartanCalib, supports both parametric and generic camera models to achieve the
best possible calibration.

2.2.2 Calibration Toolboxes

As geometric camera calibration is an important prerequisite for many machine vision
applications, numerous calibration toolboxes have been developed [281, 310, 395]. The
famous computer vision package OpenCV [28] has its own wide-angle lens calibration
support, and supports checkerboard targets. OcamCalib [310] is another well-known toolbox,
using exclusively (less accurate [104, 224]) checkerboard targets for calibration.

Recently BabelCalib [190] was proposed, with its robust optimization strategy being
the key advantage. However, the most commonly used calibration toolbox is Kalibr [245],
which is easy to use and allows for retrieving the intrinsics and extrinsics of multiple cameras
with a wide variety of camera models and targets. In this chapter, TartanCalib is integrated
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into Kalibr [245] as an easy-to-use toolbox. In addition to Kalibr, TartanCalib also supports
the use of BabelCalib as a solver, and the generally more accurate generic models [267].

2.2.3 Pattern Design and Feature Detection

Target detection is one of the key functions of a calibration pipeline. By far the most com-
monly used calibration targets are checkerboard [28], dot patterns [112], and AprilTags [224].
Dot patterns are susceptible to perspective and lens distortion, whereas a checkerboard tends
to fail when it is only partially observed, which makes calibrating wide-angle lenses ex-
tremely challenging. Some researchers proposed to use novel patterns, such as triangle
features [104, 267] to increase the gradient information, but these typically are not robust
enough for the high distortion as present at the edge of a wide-angle (fisheye) lens.

In [267], the authors use a single AprilTag to determine the pose of a custom target and
assume a homography as a camera model to reproject the target onto the image frame. This
approach has three fundamental issues for high-distortion wide-angle lenses: (1) using a
single AprilTag is not robust enough, (2) using a homography as a camera model for target
reprojection will impose a reprojection error that makes it impossible to recover the true
target position, and (3) the refinement method used is shown to be unstable for AprilTags
(and checkerboards).

Inspired by [267], we propose a pipeline designed for a grid of AprilTags. TartanCalib
adopts an iterative process, that makes it possible to use a relatively accurate intermediate
camera model instead of a homography, to reproject target points into the image frame.
Additionally, we propose two novel adaptive subpixel refinement methods, arriving at more
features detected with superior subpixel accuracy.

2.3 Preliminaries

This section addresses the preliminaries related to notation (Section 2.3.1) and camera
models (Section 2.3.2), necessary for this chapter.

2.3.1 Notation

Our notations are inspired by [311]. In the equations presented later, lowercase characters
are scalars (e.g., o), whereas lowercase bold characters (e.g., ) are vectors. Matrices
are denoted using bold uppercase letters (e.g., T'). Pixel coordinates are represented as
u = [u,v]T € x C R? here x is the image domain. 3D points are presented as & =
[z,y,2]T € ® C R3, here ® is the subset of valid 3D points that can be projected into the
image frame. We denote the transformation from the camera frame to the calibration target
frame as T;,, € SFE(3). The image matrix is denoted as I.
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2.3.2 Camera Models

A camera model typically consists of a projection and unprojection function. The projection
function 7 : ® — X projects a 3D point to image coordinates. Its inverse, the unprojection
function: w—!: x — S? unprojects image coordinates onto a unit sphere. The projection
of a 3D point can be described as 7(x, ¢) where  is a point in 3D space, and ¢ is the set
of parameters for the camera model. Similarly, the unprojection function is denoted as
7~ (u, ), where u is the coordinate in image space.

2.4 Method

The high-level idea behind TartanCalib (Figure 2.2) is to iteratively optimize a camera model,
by leveraging intermediate camera models to improve target detection. The iteration includes
several key components that will be detailed in the following sections. The components
are Undistortion (Section 2.4.1), Target Reprojection (Section 2.4.2), Corner Filtering
(Section 2.4.3), and Subpixel Refinement (Section 2.4.4).

The visual features of the calibration target manifest themselves as corner features. In
later sections, we interchangeably refer to corners as target features.

2.4.1 Undistortion

An intuitive way to improve target detection in wide-angle camera calibration is to undistort
the image into multiple pinhole reprojections. This approach should get rid of some of the
difficulties caused by highly distorted targets. To undistort the image we model a virtual
pinhole camera, which has four parameters ¢ = [f,, f,, ¢, ¢,]T. The projection function is

defined as:
- fi)
w(x,1) = AR 2.1)
.1 LC v Cy (

where f, and f, are focal lengths and ¢, and ¢, are the pixel coordinates of the principal
point. Creating a virtual pinhole camera is possible by first unprojecting the pinhole pixel
coordinates to S? space, to then reproject those points back into the distorted image frame.
We then query the pixel location at that location in the distorted frame and substitute it back
into the pinhole image to arrive at an undistorted image.

2.4.2 Target Reprojection

While undistortion reduces lens distortion, we may still be unable to detect the target due to
perspective distortion and other visual artifacts such as motion blur. As proposed in [267],
it is possible to reproject known target coordinates back into the image frame without
actually detecting the target. The authors show that a homography can be used for this
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purpose. Equation 2.2 shows how a camera model can be used to reproject a point from
target coordinates (x,) to image coordinates ().

u=m(x, i) =7(Ty @, 1) (2.2)

Here T, is the transformation from the target frame to the camera frame, x, is a
coordinate in the target frame, and @ is a vector in the camera frame.

2.4.3 Corner Filtering

While reprojecting the target into the image frame using an intermediate camera model may
yield somewhat accurate estimates, it is uncertain if all of the target is visible in the frame.
Therefore, a filtering policy is required, only keeping the features (corners) that appear in
the frame. We achieve robust filtering by following these steps: 1) loop over all detected
quads (detected squares), 2) check if all 4 corners of each quad are close to a reprojected
target corner, and 3) perform subpixel refinement on all corners.

2.4.4 Subpixel Refinement

Subpixel refinement is required to translate the features reprojected using the intermediate
model into features that actually match the corners as seen in the image. We propose two
algorithms: 1) a simple modification to OpenCV’s cornerSubPix () function [86], and
2) a symmetry-based refinement method specifically designed for high-distortion lenses.

2.4.4.1 Adaptive cornerSubPix()

cornerSubPix () [86] computes the image gradient within a search window in order to
iteratively converge towards the corner. In doing this, the size of the search window is a
critical hyperparameter: if the search window is too small, the algorithm may never find the
corner, whereas a large window will yield inaccurate results or even converge to another
corner. The window size is typically a fixed parameter, not changed for different image
resolutions or distortion levels. Figure 2.1 demonstrates the resulting problem when the
window size is chosen inappropriately.

In this chapter we present an adaptive version of cornerSubPix (), that changes
window size based on the tag appearance in the image frame. Equation 2.3 shows how the
size of the resize window is determined. The algorithm reprojects all target features into the
image frame, and for each feature finds its nearest neighbor in the image frame. We then
use that information to scale the search window, according to Equation 2.3.

Wy, = g}érés (w(Tar - @1, 8) — 7 (Tar - 7, 8)) (2.3)
Here s is a user-defined scalar that can be used to make the window either bigger or smaller
in the target frame. * is a target coordinate within Q, the subspace of R? that consists of
all possible feature coordinates in the target frame.
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2.4.4.2 Symmetry-Based Refinement

The authors of [267] first proposed refining calibration target detections by optimizing a
symmetry-based cost function. The original cost function is shown in Equation 2.4.

Coym(H) = > (I(H(sp)) — I(H(—s1)))? (2.4)
k=1

Here H is a homography from the target frame to the image frame, with the center in the
target frame being the feature that is being refined. s; and —sy, are two samples in the target
frame, that are defined such that the origin corresponds to the feature location. The authors
then optimize H with the Levenberg-Marquardt method in order to minimize Cyy,. The
authors show that using deltille grids, checkerboard, and their custom target, this method is
the most precise refinement method. Their custom target consists of a single AprilTag to
determine a homography between the target plane and image plane, which is surrounded
by a number of star-shaped feature points. The homography determined using the single
AprilTag is used to make an initial guess for the homography for each feature; it is therefore
important that the camera being calibrated behaves somewhat close to a pinhole camera.

As a result, this approach is effective for low-distortion to medium-distortion as the
projection is close to a homography. For true ultra-wide lenses, however, the proposed ap-
proach fails for two reasons: (1) the single AprilTag is not detected, and (2) the homography
assumption causes the refinement procedure to fail.

We propose an adapted version that optimizes a modified symmetry-based objective
function, shown in Equation 2.5.

n

C’Sym(wt) = Z([(ﬂ'(ﬂar : (mt + Sk:)a Z))

(T (@0 — 50),4)))?

(2.5)

Here x; is the location of the feature in target space, that is transformed to the camera
frame using Ti,, and projected to the image frame using the projection function 7. All
steps in this equation are differentiable, which we use to optimize the feature location in the
target frame directly. With this we leverage the intermediate model to retrieve higher quality
symmetric samples, and a better initial estimate.

2.5 Results

2.5.1 Evaluation Metrics

In this section, we evaluate a number of metrics in order to compare TartanCalib against
other state-of-the-art approaches for feature detection and geometric camera calibration.
Evaluating geometric camera calibration is challenging as no ground truth exists for feature

16



detections and camera geometry. A metric that is traditionally used for geometric camera
calibration is reprojection error, especially when different models or optimization routines
are compared. This is only an appropriate metric when the features are the same, as a
different feature distribution yields an entirely different optimization problem. We will see
that TartanCalib brings more detected features in the entire image, especially in the highly
distorted regions, fulfilling its design purpose. Reprojection error could be higher if the
camera model is not complex enough to fit all the detected features in the distorted regions.
This observation indicates that using reprojection error as the metric is not appropriate.
Nevertheless, the reprojection error is presented for reference, while we use other quantitative
metrics to show that the accuracy and coverage of the detected features from TartanCalib
are of higher quality.

2.5.2 Experimental Setup

To evaluate TartanCalib, its performance is evaluated in two camera configurations: (1) an
aerial robot equipped with multiple cameras with ultra-wide Lensagon BFSM fisheye lenses
(Figure 2.3, 195° FOV), and (2) a GoPro Hero 8 with a 122.6° x 149.2° FOV. For the GoPro,
data is collected using its proprietary software, whereas the ROS gscam drivers are used to
extract images from the cameras on the aerial robot. The Lensagon BF5M fisheye lens is
installed on a Leopard Imaging LI-IMX264 camera. This combination will be referred to as
the Lensagon BF5M from now on. We use an AprilTag target for calibration experiments.
The board presents a 6 x 6 grid with an 8.8 cm tag size. For each experiment, 500 images
are retrieved per camera by subsampling each dataset.

2.5.3 Feature Detection

The first metric considered is the number of features detected, and their coverage in spherical
coordinates. In this section we consider undistortion and target reprojection as methods for
retrieving more features, and compare them against state-of-the-art approaches for AprilTag
detection.

2.5.3.1 Undistortion

An intuitive way to improve target detection in wide-angle camera calibration is to undistort
the image into multiple pinhole projections. This idea is evaluated by iteratively undistorting
the image into five pinhole projections. The first plane is pointed in the positive z direction
(the principal axis) of the camera frame, while the other projections are pointed at a polar
angle of 90°. The azimuth angles start from zero and are incremented by 90° for each plane.
The five planes together form a cube. In correspondence with Figure 2.2, the undistorted
pinhole projections are used to iteratively improve the camera model.

To quantify the effect of undistortion, the previously collected images for Lensagon
BF5M are further sampled into a subset that contains 100 frames. TartanCalib is then used
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Figure 2.3: The aerial robot used in the experiment. It has three identical sets of cameras
and fisheye lenses. Every camera uses a Lensagon BFSM2023S23C Lens (195° FOV), with
a Leopard Imaging LI-IMX264-MIPI-M12 sensor. Red circles: the two fisheye lenses that
are used in Section 2.5.7 to form a stereo pair.

to iteratively undistort the wide-angle images into pinhole projections. In this experiment
undistortion yielded an additional 5 %-10 % of features.

2.5.3.2 Reprojection

While 5 %-10 % more features is a significant improvement, it does not resolve the issue of
too few features at the edge of the lens. Reprojecting the features from the target frame into
the image frame, as described in Section 2.4.2, is therefore investigated as an alternative
solution. For this experiment the dataset described in Section 2.5.2 is used, with 500
images for each evaluation. Figure 2.4 shows the distribution of detected features by the
various methods considered. TartanCalib is compared against other state-of-the-art AprilTag
detectors, being: (1) Kalibr, (2) Deltille [104], (3) AprilTag3 (AT3) [224, 327], a C++
implementation of AprilTags, originally written by Dr. Michael Kaess, and (4) the ArUco
tag detector [98, 137, 253]. Table 2.1 shows the number of features detected using each
method, whereas Table 2.2 shows the number of features detected, sorted by polar angle.

The results show that TartanCalib is the most robust against lens distortion, recording
far more features at the edge of the Lensagon BF5SM fisheye lens. The results for GoPro
(not shown in the figure) show that the numbers of detected features are roughly the same
across all models. We attribute this to the fact that it is a far less challenging lens to calibrate
with its smaller FOV. The experiments that follow in later sections use reprojection and no
undistortion.
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Table 2.1: Number of features detected in datasets collected on a GoPro Hero 8 camera and
the Lensagon BF5M ultra-wide fisheye lens. The percentages signify the fraction of features
detected w.r.t. the theoretical maximum (i.e., number of frames x number of features).

GoPro Hero 8 Lensagon BFSM
Deltille 70,464 (97.87%) 34,149 (47.43 %)
AprilTag3 45,788 (63.59 %) 29,332 (40.74 %)
AprilTag Kaess 68,708 (95.43 %) 38,456 (53.41 %)
ArUco (OpenCV) 66,092 (91.79%) 22,364 (31.06 %)
Kalibr 62,383 (86.64 %) 33,433 (46.43 %)
TartanCalib 67,693 (94.01 %) 54,685 (75.95 %)

Table 2.2: The normalized number of features detected using the BFSM ultra-wide fisheye
camera, sorted by polar angle. The results clearly show that TartanCalib detects most
features, especially at the edge of the lens.

Normalized Number of Features Detected, Sorted by Polar Angle
0°-10°  10°-20° 20°-30° 30°-40° 40°-50° 50°-60° 60°-70° 70°-80° 80°-90° 90°-100°

Kalibr 0.75 0.80 0.87 0.84 0.72 0.56 0.48 0.38 0.19 0.04
Deltille 0.62 0.61 0.63 0.63 0.64 0.64 0.63 0.60 0.52 0.60
AT3 0.75 0.75 0.71 0.63 0.57 0.53 0.46 0.32 0.19 0.09
Kaess 0.78 0.83 0.92 0.91 0.81 0.68 0.63 0.50 0.24 0.05
ArUco 0.89 0.85 0.82 0.63 0.43 0.24 0.10 0.02 0.00 0.00

TartanCalib 1.00  1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
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Figure 2.4: AprilTag features detected on the Lensagon BF5SM. The results show that
especially at the edge of the lens with polar angle approaching 100 degrees, TartanCalib
detects significantly more features by reprojecting points from the target frame into the
image frame.

2.5.4 Subpixel Refinement

In this section we compare two novel subpixel refinement strategies, and show that symmetry-
based refinement is too unstable for grids of AprilTags. The authors of [267] deployed low
to medium distortion lenses and tested symmetry-based refinement on deltille grids and
checkerboards. Especially in areas of high distortion the refinements appear to be misaligned
with the feature.
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Figure 2.5: This figure shows the measure of symmetry as was proposed in Equation 2.5, on
top of an AprilTag corner. The arrows are pointed in the direction of the symmetry gradient
to show how an optimizer may behave locally.

Figure 2.5 shows why symmetry is an unsuitable metric for feature refinement with
AprilTags. The figure shows that numerous local optima exist, making a high-quality initial
estimate a requirement. The initial estimate of the target position in the image frame is
possibly several pixels off (as shown in Figure 2.1), and may therefore converge to a local
optimum.

The resulting features, therefore, match the model better but do not appear to match the
features in the real-world in high-distortion areas. We therefore hypothesize that adaptive
cornerSubPix () yields more stable features. This hypothesis is studied in more detail
in Section 2.5.5.

2.5.5 Comparison on Human-Annotated Features

The closest thing to ground-truth data would be human-annotated feature locations. In
this experiment, a subject with no access to the detections annotated perceived feature
locations through software. The observations were then compared against TartanCalib
with adaptive cornerSubPix () and symmetry-based refinement. While a human is
unable to detect features at a subpixel level, the experiment remains useful to quantify
our observations. All annotated data are available through the project website. Table 2.3
shows that TartanCalib outperforms Kalibr. Symmetry-based refinement outperforms adap-
tive cornerSubPix () in the GoPro dataset, but performs worse on the high-distortion
Lensagon BF5SM dataset. This shows that symmetry is an unstable metric for feature re-
finement, as was previously demonstrated in Figure 2.5. For later experiments, we will
exclusively use adaptive cornerSubPix () unless explicitly stated otherwise.
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Table 2.3: The average detection error (px) in feature detection as compared to
human-annotated data on 1,440 data points. The results show TartanCalib outperforms
Kalibr significantly, and it shows symmetry-based refinement performs slightly better than
cornerSubPix () on the GoPro dataset, but it performs worse on the high-distortion
Lensagon BF5M fisheye lens dataset. This shows that symmetry is an unstable metric for
feature refinement.

Camera Kalibr TartanCalib
Symmetry-Based Adp. cornerSubPix ()
Lensagon BF5SM  1.038 0.861 0.815
GoProHero 8  0.926 0.904 0.915

Table 2.4: Reprojection error evaluated on the Lensagon BF5M ultra-wide fisheye camera
and GoPro Hero 8. DS-None: Double-Sphere model [311], Omni-Radtan: Omnidirectional
camera model with Radial-Tangential distortion [303], and the Central Generic

Model [18, 267].

Kalibr Tartan
Camera Model Reproj.  Reproj.

Err. [px] Err. [px]
Lensagon BFSM  Central Generic Model  0.3297 0.2630
GoPro Hero 8 DS-None 1.0893 0.7981
GoPro Hero 8 Omni-Radtan 1.0869 0.7979

2.5.6 Reprojection Error

The most widely-used error metric for geometric camera calibration is reprojection error.
Given an estimated target pose and camera model, it is possible to reproject the features back
into the target frame and compare them against the detected corners (hence reprojection
error). As aforementioned, this is not a particularly informative metric as the different
methods output substantially different feature distributions (e.g., TartanCalib has far more
features at the edge of the lens). Reprojection error is not only a function of the features,
but also the ability of the camera model to fit the lens geometry. We perform a simple
experiment to show that TartanCalib can improve reprojection error. Table 2.4 shows a
substantial improvement when using TartanCalib.

2.5.7 Stereo Depth

Figure 2.6 shows the results of an experiment that was performed to evaluate downstream
performance when using pinhole reprojections at the edge of the Lensagon BFSM fisheye
lens (see Figure 2.3). We create a stereo pair of virtual pinhole images to show that (1) the
images are less distorted using TartanCalib, and (2) the disparity maps generated using the
stereo pair are less noisy. The results suggest TartanCalib helps improve downstream tasks.
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Figure 2.6: This figure shows the results of an experiment for evaluating downstream
performance when using pinhole reprojections at the edge of the Lensagon BF5M fisheye
lens. We create a stereo pair of virtual pinhole images to show that (1) the images are less
distorted using TartanCalib, and (2) the disparity maps generated using the stereo pair are
less noisy. This result demonstrates better features detected by TartanCalib help improve
downstream tasks.

2.6 Conclusion

In this chapter, we have addressed the problem of geometric wide-angle camera calibration.
Previous methods lack features at the edge of the image region, where distortion is strongest.
Our approach focuses on retrieving more features at the edge and improving their accuracy.
We propose a novel calibration pipeline, TartanCalib, which iteratively improves camera
models and leverages intermediate camera models to improve feature detections. Two novel
subpixel refinement strategies are proposed that leverage the intermediate model to achieve
better accuracy. The results show that symmetry-based refinement is not a stable metric, and
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that a simple modification to cornerSubPix () yields the best results for high-distortion
lenses.

Finally, the entire pipeline is implemented in an open-source easy-to-use toolbox. Tar-
tanCalib can be used as an augmentation to a state-of-the-art camera calibration toolbox, e.g.
Kalibr, and improves the calibration effectiveness on wide-angle lenses. With its iterative
nature, TartanCalib does not require tedious hyperparameter tuning and typically only takes
2-3 times longer to run compared to the non-iterative baseline method. For wide-angle
lenses TartanCalib delivers the highest feature coverage publicly available to date.
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Chapter 3

MASt3R-SfM: a Fully-Integrated
Solution for Unconstrained
Structure-from-Motion

ORIGINALLY APPEARED AS Chapter in Context

Bardienus P. Duisterhof*, Lojze
Zust*, Philippe Weinzaepfel,
Vincent Leroy, Yohann Cabon,
Jérome Revaud.

* Equal contribution.

TartanCalib assumed a pre-recorded calibration sequence
for careful geometric camera calibration. In this chapter,
we consider the case of 3D reconstruction and calibration
from an arbitrary set of images: structure from motion

MASt3R-SfM: a Fully-Integrated (SfM). This is especially challenging when only sparse
Solution for Unconstrained captures with limited overlap are available. In this chap-
Structure-from-Motion [68]. ter, we enable SfM using the foundation model MASt3R,
International Conference on 3D which predicts point maps for image pairs. This advances
Vision (3DV), 2025. SOLF’s obtainability by recovering geometry and calibra-

tion from less constrained image collections.

Structure-from-Motion (SfM), a task aiming at jointly recovering camera poses and 3D
geometry of a scene given a set of images, remains a hard problem with still many open
challenges despite decades of significant progress. The traditional solution for SfM consists
of a complex pipeline of minimal solvers which tends to propagate errors and fails when
images do not sufficiently overlap, have too little motion, etc. Recent methods have
attempted to revisit this paradigm, but we empirically show that they fall short of fixing these
core issues. In this chapter, we propose instead to build upon a recently released foundation
model for 3D vision that can robustly produce local 3D reconstructions and accurate matches.
We introduce a low-memory approach to accurately align these local reconstructions in a
global coordinate system. We further show that such foundation models can serve as efficient
image retrievers without any overhead, reducing the overall complexity from quadratic to
linear. Overall, our novel SfM pipeline is simple, scalable, fast and truly unconstrained, i.e.
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it can handle any collection of images, ordered or not. Extensive experiments on multiple
benchmarks show that our method provides steady performance across diverse settings,
especially outperforming existing methods in small- and medium-scale settings.

3.1 Introduction

Structure-from-Motion (SfM) is a long-standing problem of computer vision that aims to
estimate the 3D geometry of a scene as well as the parameters of the cameras observing
it, given the images from each camera [108]. Since it conveniently provides jointly for
cameras and map, it constitutes an essential component for many practical computer vision
applications, such as navigation (mapping and visual localization [31, 217, 265]), dense
multi-view stereo reconstruction (MVS) [231, 266, 322, 372], novel view synthesis [14,
145, 209], auto-calibration [105] or even archaeology [233, 301].

In reality, SfM is a “needle in a haystack™ type of problem, typically involving a
highly non-convex objective function with many local minima [307]. Since finding the
global minimum in such a landscape is too challenging to be done directly, traditional
SfM approaches such as COLMAP [265] have been decomposing the problem as a series
(or pipeline) of minimal problems, e.g. keypoint extraction and matching, relative pose
estimation, and incremental reconstruction with triangulation and bundle adjustment. The
presence of outliers, such as wrong pixel matches, poses additional challenges and compels
existing methods to repeatedly resort to hypothesis formulation and verification at multiple
occasions in the pipeline, typically with RAndom SAmple Consensus (RANSAC) or its
many flavors [11, 12, 85, 156, 306, 342]. This approach has been the standard for several
decades, yet it remains brittle and fails when the input images do not sufficiently overlap, or
when motion (i.e. translation) between viewpoints is insufficient [31, 268].

Recently, a set of innovative methods propose to revisit SfM in order to alleviate the
heavy complexity of the traditional pipeline and solve its shortcomings. VGGSfM [324],
for instance, introduces an end-to-end differentiable version of the pipeline, simplifying
some of its components. Likewise, detector-free STM [111] replaces the keypoint extraction
and matching step of the classical pipeline with learned components. These changes must,
however, be put into perspective, as they do not fundamentally challenge the overall structure
of the traditional pipeline. In comparison, FlowMap [275] and Ace-Zero [27] independently
propose a radically novel type of approach to solve SfM, which is based on simple first-order
gradient descent of a global loss function. Their trick is to train a geometry regressor network
during scene optimization as a way to reparameterize and regularize the scene geometry.
Unfortunately, this type of approach only works in certain configurations, namely for input
images exhibiting high overlap and low illumination variations. Lastly, DUSt3R [157, 335]
demonstrates that a single forward pass of a transformer architecture can provide for a
good estimate of the geometry and camera parameters of a small two-image scene. These
particularly robust estimates can then be stitched together again using simple gradient
descent, allowing to relax many of the constraints mentioned earlier. However it yields
rather imprecise global SfM reconstructions and does not scale well.
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Figure 3.1: Top: Relative rotation (RRA) and translation (RTA) accuracies on the CO3Dv2
dataset when varying the number of input views with random subsampling (the more views,
the greater their overlap). In contrast to our competitors, MASt3R-SfM offers nearly
constant performance on the full range, even for very few views. Bottom: MASt3R-SfM
also works without motion, i.e. in purely rotational settings. We show here a reconstruction
from 6 views sharing the same optical center.

In this chapter, we propose MASt3R-SfM, a fully-integrated SfM pipeline that can
handle completely unconstrained input image collections, i.e. ranging from a single view
to large-scale scenes, possibly without any camera motion as illustrated in Figure 3.1. We
build upon the recently released DUSt3R [335], a foundation model for 3D vision, and more
particularly on its recent extension MASt3R that is able to perform local 3D reconstruction
and matching in a single forward pass [157]. Since MASt3R is fundamentally limited to
processing image pairs, it scales poorly to large image collections. To remedy this, we hijack
its frozen encoder to perform fast image retrieval with negligible computational overhead,
resulting in a scalable SfM method with quasi-linear complexity in the number of images.
Thanks to the robustness of MASt3R to outliers, the proposed method is able to completely
get rid of RANSAC. The SfM optimization is carried out in two successive gradient descents
based on frozen local reconstructions output by MASt3R: first, using a matching loss in 3D
space; then with a 2D reprojection loss to refine the previous estimate. Interestingly, our
method goes beyond structure-from-motion, as it works even when there is no motion (i.e.
purely rotational case), as illustrated in Figure 3.1.

In summary, we make three main contributions. First, we propose MASt3R-SfM, a
full-fledged SfM pipeline able to process unconstrained image collections. To achieve linear
complexity in the number of images, we show as a second contribution how the encoder
from MASt3R can be exploited for large-scale image retrieval. Note that our entire SfM
pipeline is training-free, provided an off-the-shelf MASt3R checkpoint. Lastly, we conduct
extensive benchmarking on a diverse set of datasets, showing that existing approaches are
still prone to failure in small-scale settings, despite significant progress. In comparison,
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MASt3R-SfM demonstrates state-of-the-art performance in a wide range of conditions, as
illustrated in Figure 3.1.

3.2 Related Works

Traditional SfM. At the core of Structure-from-Motion (SfM) lies matching and Bundle
Adjustment (BA). Matching, i.e. the task of finding pixel correspondences across different
images observing the same 3D points, has been extensively studied in the past decades,
beginning from handcrafted keypoints [16, 197, 254] and more recently being surpassed
by data-driven strategies [38, 58, 76, 77, 135, 251, 260, 287, 332]. Matching is critical
for SfM, since it builds the basis to formulate a loss function to minimize during BA. BA
itself aims at minimizing reprojection errors for the correspondences extracted during the
matching phase by jointly optimizing the positions of 3D points and camera parameters. It
is usually expressed as a non-linear least squares problem [3], known to be brittle in the
presence of outliers and prone to fall into suboptimal local minima if not provided with a
good initialization [2, 276]. For all these reasons, traditional SfM pipelines like COLMAP
are heavily handcrafted in practice [111, 182, 265]. By triangulating 3D points to provide
an initial estimate for BA, they incrementally build a scene, adding images one by one by
formulating hypotheses and discarding the ones that are not verified by the current scene
state. Due to the large number of outliers, and the fact that the structure of the pipeline tends
to propagate errors rather than fix them, robust estimators like RANSAC are extensively used
for relative pose estimation, keypoint track construction and multi-view triangulation [265].

SfM revisited. There has been a recent surge of methods aiming to simplify or even
completely revisit the traditional SfM pipeline [27, 111, 275, 324, 335]. The recently
proposed FlowMap and Ace-Zero, for instance, both rely on the idea of training a regressor
network at test time. In the case of FlowMap [275], this network predicts depthmaps, while
for Ace-Zero [27] it regresses dense 3D scene coordinates. While this type of approach is
appealing, it raises several problems such as scaling poorly and depending on many off-the-
shelf components for FlowMap. Most importantly, both methods only apply to constrained
settings where the input image collections offer enough uniformity and continuity in terms of
viewpoints and illuminations. This is because the regressor network is only able to propagate
information incrementally from one image to other tightly similar images. As a result, they
cannot process unordered image collections with large viewpoint and illumination disparities.
On the other hand, VGGSfM, Detector-Free SfM (DF-SfM) and DUSt3R cast the SfM
problem in a more traditional manner by relying on trained neural components that are
kept frozen at optimization time. VGGSIM [324], for its part, essentially manages to train
end-to-end all components of the traditional SfM pipeline but still piggybacks itself onto
handcrafted solvers for initializing keypoints, cameras and to triangulate 3D points. As
a result, it suffers from the same fundamental issues as traditional SfM, e.g. it struggles
when there are few views or little camera motion. Likewise, DF-SfM [111] improves for
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texture-less scenes thanks to relying on trainable dense pairwise matchers, but sticks to the
overall COLMAP pipeline. Finally, DUSt3R [335] is a foundation model for 3D vision that
essentially decomposes SfM into two steps: local reconstruction for every image pair in the
form of pointmaps, and global alignment of all pointmaps in world coordinates. While the
optimization appears considerably simpler than for previous approaches (i.e. not relying
on external modules, and carried out by minimizing a global loss with first-order gradient
descent), it unfortunately yields rather imprecise estimates and does not scale well. Its
recent extension MASt3R [157] adds pixel matching capabilities and improved pointmap
regression, but does not address the SfM problem. In this chapter, we fill this gap and
present a fully-integrated SfM pipeline based on MASt3R that is both precise and scalable.

Image Retrieval for SfM. Since matching is essentially considering pairs in traditional
SfM, it has a quadratic complexity which becomes prohibitive for large image collections.
Several SfM approaches have proposed to leverage faster, although less precise, image
comparison techniques relying on comparing global image descriptors, e.g. AP-GeM [250]
for Kapture [124] or by distilling NetVLAD [4] for HLoc [259]. The idea is to cascade
image matching in two steps: first, a coarse but fast comparison is carried out between all
pairs (usually by computing the similarity between global image descriptors), and for image
pairs that are similar enough, a second stage of costly keypoint matching is then carried
out. This is arguably much faster and more scalable. In this chapter, we adopt the same
strategy, but instead of relying on an external off-the-shelf module, we show that we can
simply exploit the frozen MASt3R’s encoder for this purpose, considering the token features
as local features and directly performing efficient retrieval with Aggregated Selective Match
Kernels (ASMK) [304].

3.3 Preliminaries

The proposed method builds on the recently introduced MASt3R model which, given two

input images I", I"™ € RT*W>3_ performs joint local 3D reconstruction and pixel-wise

matching [157]. We assume here for simplicity that all images have the same pixel resolution

W x H, but of course they can differ in practice. In the next section, we show how to

leverage this powerful /ocal predictor for achieving large-scale global 3D reconstruction.
At a high level, MASt3R can be viewed as a function

f(I",I™) = Dec(Enc(I"),Enc(I™)),

where Enc(/) — F denotes the Siamese ViT encoder that represents image / as a feature
map of dimension d, width w and height h, F' € R"%*4 and Dec(F™, F™) denotes twin
ViT decoders that regress pixel-wise pointmaps X and local features D for each image,
as well as their respective corresponding confidence maps. These outputs intrinsically
contain rich geometric information from the scene, to the extent that camera intrinsics and
(metric) depthmaps can straightforwardly be recovered from the pointmap, see [335] for
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Figure 3.2: Overview of the proposed MASt3R-SfM method. Given an unconstrained
image collection, possibly small (1 image) or large (> 1000 images), we start by computing
a sparse scene graph using efficient image retrieval techniques given a frozen MASt3R’s
per-image features. We then compute local 3D reconstruction and matches for each edge
using again a frozen MASt3R’s decoder. Global optimization proceeds with gradient
descent of a matching loss in 3D space, followed by refinement in terms of 2D reprojection
error.

details. Likewise, we can recover sparse correspondences (or matches) by application of
the fastNN algorithm described in [157] with the regressed local feature maps D", D™.
More specifically, the fast NN searches for a subset of reciprocal correspondences from
two feature maps D™ and D™ by initializing seeds on a regular pixel grid and iteratively
converging to mutual correspondences. We denote these correspondences between /™ and
I™ as M™™ = {y! <> y"}ee1.|mnm|, Where 2,y € N? denotes a pair of matching
pixels.

3.4 Proposed Method

Given an unordered collection of N images V = {I"},<,<y of a static 3D scene, captured
with respective cameras K,, = (K,,, P,), where K,, € R3*3 denotes the intrinsic parameters
(i.e. calibration in terms of focal length and principal point) and P, € R*** its world-to-
camera pose, our goal is to recover all camera parameters {/C,, } as well as the underlying 3D
scene geometry { X"}, with X" € R"W>#*3 3 pointmap relating each pixel y = (i, j) € N?
from [™ to its corresponding 3D point X}'; in the scene expressed in a world coordinate
system.

Overview. We present a novel large-scale 3D reconstruction approach consisting of four
steps outlined in Figure 3.2. First, we construct a co-visibility graph using efficient and
scalable image retrieval techniques. Edges of this graph connect pairs of likely-overlapping
images. Second, we perform pairwise local 3D reconstruction and matching using MASt3R
for each edge of this graph. Third, we coarsely align every local pointmap in the same world
coordinate system using gradient descent with a matching loss in 3D space. This serves as
initialization for the fourth step, wherein we perform a second stage of global optimization,
this time minimizing 2D pixel reprojection errors. We detail each step below.
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3.4.1 Scene graph

We first aim at spatially relating scene objects seen under different viewpoints. Traditional
StM methods use efficient and scalable keypoint matching for that purpose, thereby building
point tracks spanning multiple images. However, MASt3R is originally a pairwise image
matcher, which has quadratic complexity in the number N of images and therefore becomes
infeasible for large collections if done naively.

Sparse scene graph. Instead, we wish to only feed a small but sufficient subset of all
possible pairs to MASt3R, whose structure forms a scene graph G. Formally, G = (V,€) isa
graph where each vertex I € V is an image, and each edge e = (n,m) € £ is an undirected
connection between two likely-overlapping images /™ and /™. Importantly, G must have a
single connected component, i.e. all images must (perhaps indirectly) be linked together.

Image retrieval. To select the right subset of pairs, we rely on a scalable pairwise image
matcher h(I™,I™) +— s, able to predict the approximate co-visibility score s € [0, 1]
between two images /™ and /™. While any off-the-shelf image retriever can in theory do,
we propose to leverage MASt3R’s encoder Enc(+). Indeed, our findings are that the encoder,
due to its role of laying foundations for the decoder, is implicitly trained for image matching
(see Section 3.5.3). To that aim, we adopt the ASMK (Aggregated Selective Match Kernels)
image retrieval method [304] considering the token features output by the encoder as local
features. ASMK has shown excellent performance for retrieval, especially without requiring
any spatial verification. In a nutshell, we consider the output F' of the encoder as a bag of
local features, apply feature whitening, quantize them according to a codebook previously
obtained by k-means clustering, then aggregate and binarize the residuals for each codebook
element, thus yielding high-dimensional sparse binary representations. The ASMK similarity
between two image representations can be efficiently computed by summing a small kernel
function on binary representations over the common codebook elements. Note that this
method is training-free, only requiring to compute the whitening matrix and the codebook
once from a representative set of features. We also try learning a small projector on top of the
encoder features following the HOW approach [305], but this leads to similar performances.
We refer to the supplementary material of the original paper [68] for more details. The
output from the retrieval step is a similarity matrix S € [0, 1]¥*V,

Graph construction. To get a small number of pairs while still ensuring a single connected
component, we build the graph G as follows. We first select a fixed number N, of key images
(or keyframes) using farthest point sampling (FPS) [80] based on S. These keyframes
constitute the core set of nodes and are densely connected together. All remaining images
are then connected to their closest keyframe as well as their k nearest neighbors according
to S. Such a graph comprises O(N2 + (k+1)N) = O(N) < O(N?) edges, which is linear
in the number of images N. We typically use N, = 20 and £ = 10. Note that, while the
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retrieval step has quadratic complexity in theory, it is extremely fast and scalable in practice,
so we ignore it and report quasi-linear complexity overall.

3.4.2 Local reconstruction

As indicated in Section 3.3, we run the inference of MASt3R for every pair e = (n,m) € &,
yielding raw pointmaps and sparse pixel matches M™"™. Since MASt3R is order-dependent
in terms of its input, we define M™™ as the union of correspondences obtained by running
both f(I™,I™) and f(I™,I"). Doing so, we also obtain pointmaps X™", X"™™ X™" and
Xmm where X™™ ¢ RE*W>3 denotes a 2D-to-3D mapping from pixels of image I" to
3D points in the coordinate system of image /™. Since the encoder features { F"},—1 n
have already been extracted and cached during scene graph construction (Section 3.4.1), we
only need to run the ViT decoder Dec(), which substantially saves time and compute.

Canonical pointmaps. We wish to estimate an initial depthmap Z" and camera intrinsics
K, for each image [". These can be easily recovered from a raw pointmap X™" as
demonstrated in [335], but note that each pair (n,-) or (-,n) € £ would yield its own
estimate of X™". To average out regression imprecision, we hence aggregate these copycat
pointmaps into a canonical pointmap X" Let&" = {ele € EAn € e} be the set of all edges
connected to image /". For each edge e € £", we have a different estimate of X™" and its
respective confidence maps C™", which we will denote as X™¢ and C™* in the following.
We compute the canonical pointmap as a simple per-pixel weighted average of all estimates:

e vn,e
j n,e .
Zeegn O’L,j

From it, we then recover the canonical depthmap 2" = X " 3 and the focal length using the
Weiszfeld algorithm [335]:
W H Xt Xy
(5 (G i)
0§,3 “Yi,4,3

which, assuming a centered principal point and square pixels, yields the canonical intrinsics
K™. In this chapter, we assume a pinhole camera model without lens distortion, but our
approach could be extended to different camera types.

3.D

f*=argmin ) ' , (3.2)
f ’L,j

Constrained pointmaps. Camera intrinsics K, extrinsics P and depthmaps Z will serve as
basic ingredients (or rather, optimization variables; Figure 3.3) for the global reconstruction
phase. Let 7, : R — RR? denote the reprojection function onto the camera screen of
I, ie. m,(r) = K,P,0,x for a 3D point z € R? (¢, > 0 is a per-camera scale factor,
i.e. we use scaled rigid transformations). To ensure that pointmaps perfectly satisfy the
pinhole projective model (they are normally over-parameterized), we define a constrained
pointmap " € RE>*W>*3 explicitly as a function of K,,, P,, 0, and Z". Formally, the
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Figure 3.3: Factor graph for MASt3R-SfM. Free variables on the top row serve to
construct the constrained pointmap Y, which follows the pinhole camera model by design
and onto which the loss functions from Equations 3.3 and 3.4 are defined.

3D point xj'; seen at pixel (i,j) of image I" is defined using inverse reprojection as
XZ]' = 7[_7:1(0717 Kn7 Pn? ZZY,L]) = 1/U"PTL_1K7ZIZZ7LJ' [i’j’ 1]T

3.4.3 Coarse alignment

Recently, DUSt3R [335] introduced a global alignment procedure aiming to rigidly move
dense pointmaps in a world coordinate system based on pairwise relationships between
them. In this chapter, we simplify and improve this procedure by taking advantage of pixel
correspondences, thereby reducing the overall number of parameters and its memory and
computational footprint.

Specifically, we look for the scaled rigid transformations ¢*, P* of every canonical
pointmap y = 7 (0, K, P, Z) (i.e. fixing intrinsics ' = K and depth Z = Z to their
canonical values) such that any pair of matching 3D points gets as close as possible:

o*, P* = argmin Z P il (3.3)
oP cEM™ ™
(n,m)e&

where ¢ denotes the matching pixels in each respective image by a slight abuse of notation.
In contrast to the global alignment procedure in DUSt3R, this minimization only applies
to sparse pixel correspondences y!' <+ y.' weighted by their respective confidence q.
(also output by MASt3R). To avoid degenerate solutions, we enforce min, o,, = 1 by
reparameterizing o,, = o), /(min,o),). We minimize this objective using Adam [149] for a
fixed number v, of iterations.

3.4.4 Refinement

Coarse alignment converges well and fast in practice, but restricts itself to rigid motion
of canonical pointmaps. Unfortunately, pointmaps are bound to be noisy due to depth
ambiguities during local reconstruction. To further refine cameras and scene geometry, we
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thus perform a second round of global optimization akin to bundle adjustment [307] with
gradient descent for 1, iterations and starting from the coarse solution o*, P* obtained from
Equation 3.3. In other words, we minimize the 2D reprojection error of 3D points in all
cameras:

Z* K*, P*,0" = argmin Ly, with (3.4)
Z,K,Pc
Ly= > qlp@l—m () + oW —mm (X)),
ceM™™
(n,m)e€&

with p : R? — R™ a robust error function able to deal with potential outliers among all
extracted correspondences. We typically set p(x)= ||z||** with 0 < Ay < 1 (e.g. A2=0.5).

Forming pseudo-tracks. Optimizing Equation (3.4) has little effect, because sparse pixel
correspondences M"™ are rarely exactly overlapping across several pairs. As an illustration,
two correspondences y™ <> y;'; and 7, ; <> y' . from image pairs (m, n) and (n, ) would
independently optimize the two 3D points x;'; and x},, ;, possibly moving them very far
apart despite this being very unlikely as (i,7) ~ (i + 1,j). Traditional SfM methods
resort to forming point tracks, which is relatively straightforward with keypoint-based
matching [58, 182, 197, 260, 265]. We propose instead to form pseudo-tracks by creating
anchor points and rigidly tying together every pixel with its closest anchor point. This
way, correspondences that do not overlap exactly are still both tied to the same anchor
point with a high probability. Formally, we define anchor points with a regular pixel grid
€ RW/sxH/sx2 gpaced by § pixels:

. 1) 0
Yup = (U5 + > Vo + 5) . 3.5)

We then tie each pixel (7,7) in I™ with its closest anchor 7, , at coordinate (u,v) =
(1#/s] , |9/s]). Concretely, we simply index the depth value at pixel (¢, j) to the depth value
Z. of its anchor point, i.e. we define Z; ;= 0ij %0 Where 0, ; = Zm / Zuw is a constant
relative depth offset calculated at initialization from the canonical depthmap Z . Here, we
make the assumption that canonical depthmaps are locally accurate. All in all, optimizing a

depthmap Z" € RY"W>H thus only comes down to optimizing a reduced set of anchor depth
values Z" € RW/9*H/3 (¢ ¢ reduced by a factor of 64 if § = 8).

3.5 Experimental Results

After presenting the datasets and metrics, we extensively compare our approach with state-
of-the-art SfM methods in diverse conditions. We finally present several ablations.
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3.5.1 Experimental setup

We use the publicly available MASt3R checkpoint for our experiments, which we do not
fine-tune unless otherwise mentioned. When building the sparse scene graph in Section 3.4.1,
we use N, = 20 anchor images and £ = 10 non-anchor nearest neighbors. We use the
same grid spacing of 6 = 8 pixels for extracting sparse correspondences with FastNN
(Section 3.4.2) and defining anchor points (Section 3.4.4). For the two gradient descents,
we use the Adam optimizer [149] with a learning rate of 0.07 (resp. 0.014) for 14 = 300
iterations and \; = 1.5 (resp. v, = 300 and Ay = 0.5) for the coarse (resp. refinement)
optimization, each time with a cosine learning rate schedule and without weight decay.
Unless otherwise mentioned we assume shared intrinsics and optimize a shared per-scene
focal parameter for all cameras.

Datasets. 'To showcase the robustness of our approach, we experiment in different condi-
tions representative of diverse experimental setups (video or unordered image collections,
simple or complex scenes, outdoor, indoor or object-centric, etc.). Namely, we employ
Tanks&Temples [151] (T&T), a 3D reconstruction dataset comprising 21 scenes ranging
from 151 to 1106 images; ETH3D [268], a multi-view stereo dataset with 13 scenes for
which ground-truth is available; CO3Dv2 [247], an object-centric dataset for multi-view
pose estimation; and RealEstate 10K [401], MIP-360 [14] and LLFF [208], three datasets
for novel view synthesis.

Evaluation metrics. For simplicity, we evaluate all methods w.r.t. ground-truth camera
poses. For Tanks&Temples where it is not provided, we make a pseudo ground-truth with
COLMAP [265] using all frames. Even though this is not perfect, COLMAP is known to be
reliable in conditions where there is a large number of frames with high overlap. We evaluate
the average translation error (ATE) as in FlowMap [275], i.e. we align estimated camera
positions to ground-truth ones with Procrustes [200] and report an average normalized error.
We ignore unregistered cameras when doing Procrustes, which favors methods that can reject
hard images (such as COLMAP [265] or VGGS{M [324]). Note that our method always
outputs a pose estimate for all cameras by design, thus negatively impacting our results with
this metric. We also report the relative rotation and translation accuracies (resp. RRA@7
and RTA @7, where 7 indicates the threshold in degrees), computed at the pairwise level
and averaged over all image pairs [323]. Similarly, the mean Average Accuracy (mAA)@T
is defined as the area under the curve of the angular differences at min(RRA@7, RTA@7).
Finally, we report the successful registration rate as a percentage, denoted as Reg. When
reported at the dataset level, metrics are averaged over all scenes.
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Table 3.1: Results on Tanks&Temples in terms of ATE and overall registration rate (Reg.).
For easier readability, we color-code ATE results as a linear gradient between

worst and be st ATE fora given dataset or split; and Reg results with
linear gradient between 0 % and 1 0 0 %. Top: impact of the number of input
views, regularly sampled from the full set. ‘N/A’ indicates that at least one scene did not
converge. Bottom: ATE| on different datasets with the arbitrary splits defined in
FlowMap [275].

25 views 50 views 100 views 200 views full
ATE] Reg.t ATE| Reg.f ATE| Regt ATE] Reg.{ ATE| Reg?

COLMAP [265] 0.03840 44.4 0.02920 60.5 0.02640 85.7 0.01880 = 97.0 - -
ACE-Zero [27] 0.11160 100.0 0.07130 100.0 0.03980 100.0 0.01870 100.0 0.01520 100.0
FlowMap [275] 0.10700 100.0 0.07310 100.0 0.04460 100.0 0.02420 100.0 N/A  66.7
VGGSIM [324] 0.05800 = 96.2 0.03460 | 98.7 0.02900 = 98.5 N/A 47.6 N/A 0.0
DF-SfM [111]  0.08110 = 99.4 0.04120 100.0 0.02710 = 99.9 N/A 333 N/A  76.2

MASt3R-SfM  0.03360 100.0 0.02610 100.0 0.01680 100.0 0.01300 100.0 0.01060 100.0

Method

Method MIP-360 LLFF T&T CO3Dv2

NoPE-NeRF [22] 0.04429 0.03920 0.03709 0.03648
DROID-SLAM [299] [0.00017 0.00074 0.00122 0.01728

FlowMap [275] 0.00055 0.00209 0.00124 0.01589
ACE-Zero [27] 0.00173 0.00396 0.00973 0.00520
MASt3R-SftM 0.00079 0.00098 0.00215 0.00538

3.5.2 Comparison with the state of the art

We first evaluate the impact of the amount of overlap between images on the quality of the
SfM output for different state-of-the-art methods. To that aim, we choose Tanks& Temples,
a standard reconstruction dataset captured with high overlap (originally video frames). We
form new splits by regularly subsampling the original images for 25, 50, 100 and 200 frames.
Following [275], we report results in terms of Average Translation Error (ATE) against the
COLMAP pseudo ground-truth in Table 3.1 (top), computed from the full set of frames and
likewise further subsampled. MASt3R-SfM provides nearly constant performance for all
ranges, significantly outperforming COLMAP, Ace-Zero, FlowMap and VGGS{M in all
settings. Unsurprisingly, the performance of these methods strongly degrades in small-scale
settings (or does not even converge on some scenes for COLMAP). On the other hand,
we note that FlowMap and VGGStM crash when dealing with large collections due to
insufficient memory despite using 80GB GPUs.
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Table 3.2: Multi-view pose regression on CO3Dv2 [247] and RealEstate10K [401] with
10 random frames. Parentheses () denote methods that do not report results on the 10-view
set; we report their best for comparison (8 views). We distinguish between (a) multi-view
and (b) pairwise methods.

Method Co3Dv21 RealEstate 10K
RRA@15 RTA@15 mAA(30) mAA(30)
COLMAP+SG [58, 260] 36.1 27.3 25.3 45.2
PixSfM [182] 33.7 32.9 30.1 494
RelPose [388] 57.1 - - -

@ PosReg [323] 53.2 49.1 45.0 -
PoseDiff [323] 80.5 79.8 66.5 48.0
RelPose++ [177] (85.5) - - -
RayDiff [389] (93.3) - - -
DUSt3R-GA [335] 96.2 86.8 76.7 67.7
MASt3R-SfM 96.0 93.1 88.0 86.8

b) DUSIt3R [335] 94.3 88.4 77.2 61.2
MASIt3R [157] 94.6 91.9 81.8 76.4

FlowMap splits. We also report results on the custom splits from the FlowMap paper [275],
which concerns 3 additional datasets beyond T&T (LLFF, Mip-360 and CO3Dv2). We
point out that, not only do these splits select a subset of scenes for each dataset (in detail:
3 scenes from Mip-360, 7 from LLFF, 14 from T&T and 2 from CO3Dv2), but they also
select an arbitrary subset of consecutive frames in the corresponding scenes. Results in
Table 3.1 (bottom) show that our method is achieving better results than NopeNeRF and
ACE-Zero, on par with FlowMap overall and slightly worse than DROID-SLAM [299], a
method that can only work in video settings. Since we largely outperform FlowMap when
using regularly sampled splits, we hypothesize that FlowMap is very sensitive to the input
setting.

Multi-view pose estimation. In Figure 3.1 (top), we also compare to various baselines on
CO3Dv2 and RealEstate10K, varying the number of input images by random sampling. We
follow the PoseDiffusion [323] splits and protocol for comparison purposes. We provide
detailed comparisons in Table 3.2 with state-of-the-art multi-view pose estimation methods,
whose goal is only to recover camera poses but not the scene geometry. Again, our approach
compares favorably to existing methods, particularly when the number of input images is
low. Overall, this highlights that MASt3R-SfM is extremely robust to sparse view setups,
with its performance not degrading when decreasing the number of views, even for as little
as three views.
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Table 3.3: Detailed per-scene translation and rotation accuracies (1) on ETH-3D. For
clarity, we color-code results with a linear gradient between the
worst and be st resultfora given scene.

COLMAP [265] ACE-Zero [27] FlowMap [275] VGGSIM [324] DF-SfM [111] MASt3R-SfM

Scenes
RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@5 RRA@5 RTA@S

courtyard 56.3 60.0 4.0 1.9 7.5 3.6 50.5 51.2 80.7 74.8 89.8 64.4
delivery area 34.0 28.1 27.4 1.9 29.4 23.8 22.0 19.6 82.5 82.0 83.1 81.8
electro 53.3 48.5 16.9 7.9 2.5 1.2 79.9 58.6 82.8 81.2 100.0 95.5
facade 92.2 90.0 74.5 64.1 15.7 16.8 57.5 48.7 80.9 82.6 74.3 75.3
kicker 87.3 86.2 26.2 16.8 1.5 1.5 100.0 97.8 93.5 91.0 100.0  100.0
meadow 0.9 0.9 3.8 0.9 3.8 2.9 100.0 96.2 56.2 58.1 58.1 58.1
office 36.9 323 0.9 0.0 0.9 1.5 64.9 42.1 71.1 54.5 100.0 98.5
pipes 30.8 28.6 9.9 1.1 6.6 12.1 100.0 97.8 72.5 61.5 100.0  100.0
playground 17.2 18.1 3.8 2.6 2.6 2.8 37.3 40.8 70.5 70.1 100.0 93.6
relief 16.8 16.8 16.8 17.0 6.9 7.7 59.6 579 329 32.9 34.2 40.2
relief 2 11.8 11.8 7.3 5.6 8.4 2.8 69.9 70.3 40.9 39.1 57.4 76.1
terrace 100.0  100.0 5.5 2.0 33.2 24.1 38.7 29.6 100.0 99.6 100.0  100.0
terrains 100.0 99.5 15.8 4.5 12.3 13.8 70.4 54.9 100.0 91.9 58.2 52.5
Average 49.0 47.8 16.4 9.7 10.1 8.8 65.4 58.9 74.2 70.7 81.2 79.7

Unordered collections. 'We note that benchmarks in previous experiments were originally
acquired using video cameras, and then subsampled into frames. This might introduce biases
that may not well represent the general case of unconstrained SfM. We thus experiment on
the ETH3D dataset, a photograph dataset, composed of 13 scenes with up to 76 images per
scene. Results reported in Table 3.3 show that MASt3R-SfM outperforms all competing
approaches by a large margin on average. This is not surprising, as neither ACE-Zero
nor FlowMap can handle non-video setups. The fact that COLMAP and VGGSfM also
perform relatively poorly indicates a high sensitivity to not having highly overlapping
images, meaning that in the end these methods cannot really handle truly unconstrained
collections, in spite of some opposite claims [324].

3.5.3 Ablations

We now study the impact of various design choices. All experiments are conducted on the
Tanks&Temples dataset regularly subsampled for 200 views per scene.

Scene graph. 'We evaluate different construction strategies for the scene graph in Table 3.4:
‘complete’ means that we extract all pairs, ‘local window’ is a heuristic for video-based
collections that connects every frame with its neighboring frames, and ‘random’ means that
we sample random pairs. Except for the ‘complete’ case, we try to match the number of
pairs used in the baseline retrieval strategy.

Slightly better results are achieved with the complete graph, but it is about 10x slower
than the retrieval-based graph and not scalable in general. Assuming we use retrieval, we
further ablate the scene graph building strategy from the similarity matrix in Table 3.5.
As a reminder, it consists of building a small but complete graph of keyframes, and then
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Table 3.4: Ablation of scene graph construction on Tanks&Temples (200 view subset).
See text for details.

Scene Graph ~ ATE| RTA@5T RRA@5} #Pairs GPUMEM  Avg. T

Complete 0.01256 75.9 74.8 39,800 299 GB 22h
Local window  0.02509 33.1 28.8 2,744 7.6 GB 14.1 min
Random 0.01558 55.2 48.8 2,754 6.9GB 14.7 min
Retrieval 0.01243 70.9 67.6 2,758 84GB 14.3 min

Table 3.5: Ablations on Tanks& Temples (200 view subset). See text for details.

Ablation ATE| RTA@51t RRA@51 #Pairs

kNN 0.01440 64.1 61.9 3,042

Retrieval Keyframes 0.01722 58.1 57.1 740
Keyframes + KNN  0.01243 70.9 67.6 2,758

Coarse 0.01504 474 57.7 2,758

Optimization level Fine (w/o depth) 0.01315 67.3 66.9 2758
Fine 0.01243 70.9 67.6 2,758

Intrinsi Separate 0.01329 66.9 64.2 2,758

HINSICS - Shared 0.01243 709 67.6 2,758

connecting each image with the closest keyframe and with £ nearest non-keyframes. We
experiment with using only k-NN with an increased £ = 13 to compensate for the missing
edges, denoted as ‘k-NN’, or to only use the keyframe graph (i.e. £ = 0), denoted as
‘Keyframe’. Overall, we find that combining short-range (k-NN) and long-range (keyframes)
connections is important for reaching top performance.

Retrieval with MASt3R. To better assert the effectiveness of our image retrieval strategy
alone, we conduct experiments for the task of retrieval-assisted visual localization. We
follow the protocol from [157] and retrieve the top-k posed images in the database for each
query, extract 2D-3D correspondences and run RANSAC to obtain predicted camera poses.
We compare ASMK on MASt3R features to the off-the-shelf retrieval method FIRe [344],
also based on ASMK, on the Aachen-Day-Night [261] and InLoc [291] datasets. We report
standard visual localization accuracy metrics, i.e. the percentages of images successfully
localized within error thresholds of (0.25m, 2°) / (0.5m, 5°) / (5m, 10°) and (0.25m, 2°)
/(0.5m, 10°) / (1m, 10°) respectively,' in Table 3.6. Interestingly, using frozen MASt3R
features for retrieval performs on par with FIRe, a state-of-the-art method specifically trained
for image retrieval and operating on multi-scale features (bottom row). Our method also
reaches competitive performance compared to dedicated visual localization pipelines (top

"https://www.visuallocalization.net/
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Table 3.6: Comparison of retrieval based on MASt3R features using ASMK with the
state-of-the-art FIRe method when localizing with MASt3R (bottom rows), as well as with

other state-of-the-art visual localization methods (top rows).

Method Aachen-Day-Night? InLoct
Day Night DUC1 DUC2

Kapture [124]+R2D2 [251] 91.3/97.0/99.5 178.5/91.6/100  41.4/60.1/73.7 47.3/67.2/73.3
SuperPoint [58]+LightGlue [183] 90.2/96.0/99.4 77.0/91.1/100  49.0/68.2/79.3 55.0/74.8/79.4
LoFTR [287] 88.7/95.6/99.0 78.5/90.6/99.0  47.5/72.2/84.8 54.2/74.8/85.5
DKM [76] - - 51.5/75.3/86.9 63.4/82.4/87.8
MASt3R (FIRe top20) 89.8/96.8/99.6 75.9/92.7/100  60.6/83.3/93.4 65.6/86.3/88.5
MASt3R (MASt3R-ASMK top20) 88.7/94.9/98.2 77.5/90.6/97.9  58.1/82.8/94.4 69.5/90.8/92.4

rows), even setting a new state of the art for InLoc. We refer to the supplementary material
of the original paper [68] for further comparisons.

Optimization level. We also study the impact of the coarse optimization and refinement
(Table 3.5). As expected, coarse optimization alone, which is somewhat comparable to
the global alignment proposed in DUSt3R (except we are using sparse matches and fewer
optimization variables), yields significantly less precise pose estimates. In Figure 3.4, we
plot the pose accuracy as a function of the number of iterations during coarse optimization
and refinement. As expected, refinement, a strongly non-convex bundle-adjustment problem,
cannot recover from a random initialization (v; = 0). Good enough poses are typically
obtained after v; ~ 250 iterations of coarse optimization, from which point refinement
consistently improves. We also try to perform the optimization without optimizing depth
(i.e. using frozen canonical depthmaps, which proves useful for purely rotational cases,
denoted as ‘Fine without depth’ in Table 3.5), in which case we observe a smaller impact on
the performance, indicating the high-quality of canonical depthmaps output by MASt3R
(Section 3.4.2).

Shared intrinsics. We finally evaluate the impact of only optimizing one set of intrinsics
for all views (‘shared’), which is small, indicating that our method is not sensitive to varying
intrinsics.
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This chapter introduced MASt3R-SfM, a comparatively simpler fully-integrated solution for
unconstrained SfM. In contrast with prior SfM pipelines, it can handle very small image
collections without apparent issues. Thanks to the strong priors encoded in the underlying
MASIt3R foundation model upon which our approach is based, it can even deal with cases
without motion, and does not rely at all on RANSAC, both features that are normally not
possible with standard triangulation-based SfM.
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Chapter in Context

Accurate geometric camera calibration from TartanCalib
and MASt3R-SfM may be used to obtain a neural radi-
ance field (NeRF) for 3D reconstruction. NeRFs take
considerable time to converge and struggle with highly
ambiguous transparent objects. This chapter introduces
Residual-NeRF, which speeds up and improves neural
radiance fields for transparent objects. The core insight
is to first reconstruct a known background scene, which
reduces ambiguity and training time. Within SOLF, re-
ducing reconstruction ambiguity and training time makes
transparent-object geometry more obtainable.

Transparent objects are ubiquitous in industry, pharmaceuticals, and households. Grasping
and manipulating these objects is a significant challenge for robots. Existing methods have
difficulty reconstructing complete depth maps for challenging transparent objects, leaving
holes in the depth reconstruction. Recent work has shown neural radiance fields (NeRFs)
work well for depth perception in scenes with transparent objects, and these depth maps can
be used to grasp transparent objects with high accuracy. NeRF-based depth reconstruction
can still struggle with especially challenging transparent objects and lighting conditions.
In this chapter, we propose Residual-NeRF, a method to improve depth perception and
training speed for transparent objects. Robots often operate in the same area, such as a
kitchen. By first learning a background NeRF of the scene without transparent objects to be
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manipulated, we reduce the ambiguity faced by learning the changes with the new object.
We propose training two additional networks: a residual NeRF learns to infer residual RGB
values and densities, and a Mixnet learns how to combine background and residual NeRFs.
We contribute synthetic and real experiments that suggest Residual-NeRF improves depth
perception of transparent objects. The results on synthetic data suggest Residual-NeRF
outperforms the baselines with a 46.1 % lower RMSE and a 29.5 % lower MAE. Real-world
qualitative experiments suggest Residual-NeRF leads to more robust depth maps with less
noise and fewer holes. Website: https://residual-nerf.github.io

4.1 Introduction

Dexterous manipulation of transparent objects can enable robots to perform new and impact-
ful tasks in industry, pharmaceuticals, and households. Robots often use depth images of
objects to decide what action (e.g., pull, lift, or drop) to perform. However, common depth
sensors struggle to capture depth images for arbitrary transparent objects [41, 127, 236, 365].
Learning-based approaches for transparent object depth estimation work well in-distribution,
but can struggle to generalize outside their training data [127]. The lack of surface features
on transparent objects also makes it challenging to retrieve depth maps using approaches
such as COLMAP [265].

Neural radiance fields (NeRFs) [209] are implicit neural network scene representations
trained on multiple views of the same scene and capable of state-of-the-art novel view
synthesis. NeRF combines a multilayer perceptron (MLP) with classic volumetric rendering
techniques to achieve photorealistic novel view synthesis results. The only assumptions in
NeRF are those imposed by traditional volumetric rendering techniques [209].

Recently, Dex-NeRF [127] and Evo-NeRF [146] showed that NeRFs are effective at
depth perception of transparent objects. However, these methods also showed that NeRFs
tend to struggle with particularly challenging transparent objects, such as wine glasses
or kitchen foil with challenging light conditions. The challenge with transparent objects
originates from a lack of features, and large view-dependent changes in appearance.

Dex-NeRF, while achieving high grasp success rates, was slow to compute. Evo-
NeRF [146] significantly sped up NeRF-based grasping by evolving NeRFs. In this chapter,
we extend on the Evo-NeRF motivations: (1) speed up training to a successful grasp,
and (2) learn NeRFs for changing scenes, where small gradients in empty regions can be
challenging [146].

We propose Residual-NeRF (Figure 4.1), a method to leverage a strong scene prior to
improve depth perception of transparent objects. In many scenarios, the geometry of the
robot’s work area is mostly static and opaque, e.g., shelves, desks, and tables. Residual-
NeRF leverages the static and opaque parts of the scene as a prior, to reduce ambiguity and
improve depth perception. Residual-NeRF first learns a background NeRF of the entire
scene by training on images without the transparent objects present. Residual-NeRF then
uses images of the full scene with the transparent objects to learn a residual NeRF and a
Mixnet. The algorithm adaptively mixes both NeRFs for each point along the ray, using a
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Figure 4.1: Residual-NeRF, a method that leverages mostly static scenes to improve depth
perception and speed up training. Residual-NeRF begins by learning a background NeRF of
the entire scene without transparent objects. Following this, we learn a residual NeRF and a
Mixnet to complement the background NeRF.

novel Mixnet multi-layer perceptron (MLP). The Mixnet infers a mixing weight between the
background and residual NeRF using a location-dependent multi-resolution hash encoding.

We evaluate Residual-NeRF on nine photo-realistic synthetic and three real scenes and
compare its performance to other relevant NeRF algorithms. We compare 1) learning speed,
2) depth reconstruction, and 3) robot grasp quality. The results suggest that Residual-NeRF
improves on the state-of-the-art in depth mapping accuracy with a 46.1 % lower RMSE and
a29.5 % lower MAE. The results also suggest Residual-NeRF speeds up training and leads
to more robust grasp planning.

In summary, we contribute:

* Residual-NeRF, a novel algorithm that learns a residual NeRF and background NeRF,

mixed in 3D space by a Mixnet MLP.

* Experiments that suggest Residual-NeRF infers improved depth maps of transparent
objects, speeds up training, and yields more robust grasp planning.

* Synthetic and real datasets.
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4.2 Related Work

Neural Radiance Fields (NeRF)

NeRF [209] is a scene representation capable of photo-realistic novel view reconstruction.
It is inspired by classic volumetric rendering techniques, tracing rays through the scene to
infer radiance and density using a neural network. For every point in 3D space, the NeRF
MLP infers RGB radiance and density to render an RGB image. NeRF forms the basis for
sensing in this chapter.

After the introduction of NeRF, several works proposed improvements. A key challenge
for the original NeRF algorithm [209] was the long training and inference time—often
requiring several hours to train for a single scene. Recent progress has shown that novel
representations and system optimizations [94, 187, 191, 215, 216, 246, 286, 380], and depth
supervision [5, 56, 219, 284, 343] can significantly speed up training. We leverage existing
optimized code to speed up training [293].

Other works have focused on improving novel view synthesis performance in challenging
conditions and with sparse camera views without extrinsic calibration. It is now possible
to capture a NeRF of transparent objects [127, 146], reflective surfaces [316] and low-light
environments [210]. Many NeRF and other works have aimed to reduce the number of
views [46, 221, 308, 387, 389] and extrinsic camera calibration [42, 132, 178, 378, 389]
required. Another line of work extends novel view synthesis to dynamic scenes [71, 84, 199,
354].

Merging NeRFs

Previous work has introduced methods to enable evaluating and training multiple NeRFs
in a single scene. Reiser et al. [246] introduced KiloNeRF, with the contribution of using
thousands of smaller MLPs ordered in a 3D grid instead of using only a single MLP.
KiloNeRF maps a position x to a tiny NeRF using spatial binning to its 3D grid, and
achieves faster inference.

Tancik et al. [292] introduced Block-NeRF, a variant of NeRF that can represent large-
scale environments. Block-NeRF also contains an appearance embedding to accommodate
changes in, e.g., lighting. Zhang et al. [394] introduced NeRFusion, a method that leverages
TSDF-based fusion techniques for efficient large-scale reconstruction. The authors propose
to infer a per-frame local radiance field via direct network inference. They are then fused
using a recurrent neural network to reconstruct a global scene representation.

In summary, related work has demonstrated novel approaches to improve view re-
construction and inference speed in large scenes. Residual-NeRF aims to improve depth
mapping of transparent objects for manipulation, by learning a Residual NeRF and Mixnet
on top of a pre-trained background NeRF. Mixnet does not require a pre-defined area for
each NeRF, but learns to mix both NeRFs at every point in space.
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Depth Perception of Transparent Objects

Several works have proposed methods for accurate depth perception, shape estimation,
and/or pose estimation. Xie et al. [363] developed a pipeline based on transformer neural
networks capable of transparent object segmentation. Phillips et al. [236] leveraged a
random forest algorithm to extract the pose and shape of transparent objects. Xu et al. [365]
contributed an algorithm for estimating 6-degree-of-freedom (DOF) pose of a transparent
object using only a single RGBD image. Wang et al. [337] contributed MVTrans for
depth mapping, segmentation, and pose estimation of transparent objects. Chen et al. [41]
contributed a benchmark dataset for segmentation, object-centric pose estimation, and depth
completion.

Ichnowski et al. [127] showed how NeRFs can be leveraged to infer state-of-the-art
depth perception of transparent objects, and unlike data-centric approaches, did not require
prior training on a set of objects.

4.3 Problem Statement

Given is a sequence of images of a scene without the transparent objects present, I, with
nell,..., Nbg] each with camera matrix P, (i.e., the intrinsics and extrinsics). In addition,
we also have access to images of the same scene with one or more transparent objects
present, [yes,, Withn € [1,..., Ny), P,. P! and P, are not necessarily the same, N, and
N, are also not necessarily equal.

The objective is to recover novel view depth maps from any given (depth) camera pose P
in the scene, and then use the novel views for grasp planning. As with Dex-NeRF and Evo-
NeREF, the goal is to facilitate using a grasp planner such as Dex-Net [203]. A high-quality
depth map of both opaque and transparent objects in the scene will aid motion planning and
the selection of grasp location. Perceived holes in objects can lead to collisions, whereas
hallucinating nonexistent surfaces may lead to no available grasp location.

4.4 Method

Residual-NeRF, shown in Figure 4.2, recovers depth using multiple camera views by first
learning a background NeREF, then training a Mixnet and a residual NeRF (Section 4.4.3).
As it builds on NeRF, we first review preliminaries of novel view synthesis with NeRF
(Section 4.4.1). Once trained, we then use the NeRFs to render depth maps (Section 4.4.2)
for the grasp planner.
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Figure 4.2: Residual-NeRF, a method that leverages mostly static scenes to improve depth
perception and speed up training. We first learn a background NeRF of the scene without
transparent objects and leverage it as a scene prior. Following this, we learn a residual
NeRF and Mixnet. The Mixnet is an MLP that learns to combine the background NeRF and
the residual NeRF. Equation 4.5 describes how the output of the Mixnet MLP is used to
combine the two NeRFs.

4.4.1 Preliminary: Training NeRF

NeRFs [209] trace rays through images of the scene to train an MLP, ®,., to infer radiance
and density (RG Bo) for an input world coordinate and viewing direction (x, y, z, 6, ¢). To
accommodate high-frequency changes in 3D space, the input to NeRF is concatenated with
a positional encoding in the form of sinusoids with varying frequencies. Some recent NeRF
implementations use alternative representations such as a multi-resolution hash grid [216]
encoding to speed up training. Thus, ®,(h(z,vy, 2,0,¢)) = (RGBo), where h(-) is the
encoding function.
The expected color C(r) by volumetric rendering is in Equation 4.1.

C(r) = /t T o(e(t)e(r(t), d)dt, @.1)

T(t) = exp (— /t:J(r(s))ds> |

T'(t) is the accumulated transmittance along the ray from ¢,, to t. NeRFs approximate the
function C'(r) by a learned function C'(r), computed using Equation 4.2.

with

N

C(r) =) _Ti(1 — exp(—00;))c;, (4.2)

=1

i—1
T;; = exXp (- Zaj5j> s
j=1

Here 0; = t;.1 — t;, 1.e., the distance between samples along the ray. The MLP learns c;,
the color emitted at each point on the ray, and o;, the density at each point on the ray.

with

48



A NeRF can be trained by setting the loss to the RMSE between rendered and GT images.
Equation 4.3 defines this photometric loss.

Loo = Y |Ci(r) = Ci(x)]3, (4.3)

(4,r)eQ

Here i € [1,..., N] is the frame number, r is the pixel location, and €2, is the set of all pixel
locations across all frames.

4.4.2 Depth from NeRF

We adopt the approach for depth perception of transparent objects proposed by Ichnowski et
al. [127]. Prior works propose computing depth using Equation 4.4,

N
D(r) = > Ti(1 — exp(—0:6;))t:, (4.4)

When propagating rays through transparent objects, this equation proves to be inaccurate
as a result of multiple surfaces radiating light along the ray. Instead, as proposed by
Ichnowski et al. [127], we find the point closest to the camera for which o; > m, where
m is a tunable parameter. Prior work suggested that m was not overly sensitive and that a
single tuned value could be reused across multiple scenes and lighting conditions.

4.4.3 Learning a Residual NeRF

In this chapter, we propose a method to leverage a NeRF of the background scene (i.e., the
scene without the transparent object) to improve 3D reconstruction. Equation 4.5 shows the
modification.

Clr) = ZTi(l — exp(—=((1 = B)ong + B0res)i0:)) (Cogtres)is (4.5)

With:

Chgtres = S((10 - /B)C/bg + ﬂclres)7

(C/rcsa Ures) = Qrcs(h(wa Y,z, 07 ¢))>

(c'bg, Tbg) = Prg(h(,y, 2,0, ),

p= S((I)mix(h(‘r’ Y, Z)))a

1
S@)=1=

For every point along the ray, MLP ®,;, takes in the encoded position and infers
€ [0, 1]. The background NeRF infers o,, and c’p, by training on a set of images of the
background without the transparent object, while the residual NeRF infers o,.s and ¢/, by
training with the transparent object in the scene. The vector ¢’ is the color ¢ before it is
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passed through its sigmoid activation. We add the background and residual NeRF values
before going through their final activation layers, such as the sigmoid. The background
NeRF is not updated while training the residual NeRF.

4.5 Experiments

We evaluate Residual-NeRF against the baselines (Section 4.5.2) on synthetic Blender
scenes (Section 4.5.3) with ground truth depth. We also present a qualitative evaluation
against the baselines on real-world scenes (Section 4.5.7). The results suggest Residual-
NeRF outperforms the baselines by generating higher-quality depth maps. Finally we
show Residual-NeRF speeds up training (Section 4.5.8), can improve grasp planning using
Dex-Net (Section 4.5.9), and we ablate the impact of the Mixnet (Section 4.5.10).

4.5.1 Hyperparameters

NeRFs require the setting of numerous hyperparameters potentially with great impact on
performance. We have kept all vanilla NeRF parameters constant between runs, e.g., scene
area, scale, and adaptive ray marching turned off. We set m (Section 4.4.2) to 3.0 for all
Blender scene evaluations for all methods, and tune it to the best of our ability for each real
environment and method. We tune m by starting from 0.0, to then increase m until no more
holes in the depth maps disappear. From this point, increasing m will lead to more noise
and no additional gains.

4.5.2 Baselines

As baselines, we evaluate Residual-NeRF against NeRF [209] and Dex-NeRF [127]. While
other multi-view stereo (MVS) methods for transparent objects exist, to the best of our
knowledge, they do not accept arbitrary poses.

4.5.3 Synthetic Blender Data

Residual-NeRF cannot be evaluated on existing datasets such as ClearPose [41], which
captures 63 transparent objects, due to the lack of background images for training the
background NeRF. Therefore, we use Blender to render nine photo-realistic objects as shown
in Figure 4.3. We use the poses in a hemisphere from the original NeRF datasets [209]
to render train, test, and validation images. Background NeRF and residual NeRF receive
images taken from the same 100 train poses.
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Figure 4.3: The scenes used for evaluation. We create nine synthetic Blender scenes with
transparent objects and three real-world scenes, divided into scenes A-C with increasing
difficulty.

4.5.4 Real World Data

We take images of transparent objects on a wooden table to evaluate Residual-NeRF in the
real world. We take the images using a Nikon D3200 DSLR camera; the poses are taken in
a random hemisphere. Lighting conditions, focal length, aperture, ISO, and white balance
were constant while collecting datasets. We use COLMAP [265] to retrieve the camera
poses.

The background NeRF receives 100 images to create a strong scene prior. The residual
NeRF, Mixnet, and the baselines are trained with 50 images, excluding those omitted by
COLMAP. This experiment design simulates scenarios where a predominantly static scene
can be extensively observed from many poses, but the scene under evaluation is limited to a
smaller number of viewpoints.

The three evaluation scenes A-C in increasing difficulty are visible in Figure 4.3. Scene
A has four opaque objects in the background scene, with an added transparent coffee
container with coffee in the evaluation scene. Scene B has the same four opaque objects in
the background scene but with a wine glass added in the evaluation scene. Scene C has 6
transparent objects present in the background scene; 3 more transparent objects are added in
the evaluation scene: a wine glass, kitchen wrap, and a glass bottle with a blue cap.

4.5.5 Implementation Details

We implement Residual-NeRF and the baselines by building on Torch-NGP [293]. Torch-
NGP [293] is a PyTorch version of Instant-NGP [216], and uses a multi-resolution hash grid
to speed up training. It runs at a similar but slightly slower speed as compared to Instant-
NGP while offering a more efficient development cycle with only raytracing implemented
in CUDA. We train Residual-NeRF and all baselines on an RTX 4090 and an AMD Ryzen
Threadripper PRO 5965WX with 256 GB of RAM.
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Table 4.1: Root Mean Square Error (RMSE) in synthetic Blender Scenes.

Bowl  Drink Flat Drink Up Needles Flat Needles Up Scissors Flat  Scissors Up Wine Flat Wine Up

Method RMSE |

NeRF [209] 0.1900 0.6398 0.4361 0.3529 0.1599 0.5523 0.1622 0.2166 0.5973
Dex NeRF [127] 0.0365 0.1065 0.0699 0.0293 0.0431 0.2624 0.0320 0.0425 0.3159
Residual-NeRF  0.0213  0.0234 0.0316 0.0208 0.0437 0.0506 0.0289 0.0388 0.2462

Table 4.2: Mean Absolute Error (MAE) in synthetic Blender Scenes.

Bowl  Drink Flat Drink Up Needles Flat Needles Up Scissors Flat  Scissors Up Wine Flat Wine Up

Method MAE |

NeRF [209] 0.1453 0.3424 0.3062 0.1698 0.1067 0.2505 0.1103 0.1483 0.2157
Dex NeRF [127] 0.0195 0.0189 0.0255 0.0127 0.0193 0.0302 0.0160 0.0255 0.0338
Residual-NeRF  0.0140 0.0138 0.0170 0.0115 0.0207 0.0129 0.0140 0.0142 0.0238

4.5.6 Blender Depth Results

We evaluate the inferred depth maps by Residual-NeRF and the baselines by comparing
them against the ground truth provided by Blender.

4.5.6.1 Quantitative Comparison
We compare Residual-NeRF against NeRF and Dex-NeRF by computing the MAE (Equa-
tion 4.6) and RMSE (Equation 4.7).

. ﬁz r)— Dz r
MAE — Z(z,r)eQr” ( ) ( >||1’ (46)
n

A Di(r) — Dy(r)|?
SE \/z(z,@egrn (¥) - Dy(x)] )

)
n

Here i € [0, ..., N] is the frame number, r is the pixel location, and €2, is the set of all
pixel locations across frames. D(r) is the inferred depth in meters, D(r) is the GT depth
in meters. We crop each image before evaluation to focus evaluation on the transparent
object. In each crop, the entire transparent object is visible, while the background is partially
cropped out.

Table 4.1 shows the RMSE and Table 4.2 the MAE for Residual-NeRF compared against
the baselines. It shows that Residual-NeRF outperforms the baselines except for the ‘Needles
Up’ scene.

4.5.6.2 Qualitative Comparison

Figure 4.4 shows the depth maps inferred by Dex-NeRF [127] and Residual-NeRF. For most
scenes, it shows that Residual-NeRF reduces holes and noise in depth maps. Intuitively,
the background NeRF makes it less likely for holes in the table to appear, as a result of the
scene geometry prior.
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Figure 4.4: Depth maps for Residual-NeRF and Dex-NeRF evaluated on the synthetic
Blender dataset. The results suggest Residual-NeRF improves depth maps with fewer holes
and less noise.

Scene A Scene B Scene C

Dex-NeRF

Residual-NeRF

Figure 4.5: Depth maps inferred by Dex-NeRF [127] and Residual-NeRF in the real world.
The results suggest Residual-NeRF results in fewer holes and less noise.

The bowl, drink up, and wine flat scenes show that transparent objects can make
reconstruction of opaque objects more difficult, as a result of the introduced ambiguity.
Holes in opaque objects may cause the end effector to collide with unseen objects.

The results could be further improved by tuning m (Section 4.4.2) for each scene; we
have opted for setting m = 3 for all scenes. In our testing, the optimal m appears to be
scene-dependent as well as NeRF implementation-dependent. Ichnowski et al. [127] found
m = 15 to work best, evaluating different scenes and using a NeRF implementation without
multi-resolution hash encoding.

4.5.7 Real World Depth Results

Figure 4.5 shows the depth maps inferred by Dex-NeRF [127] and Residual-NeRF in the
real world. The results show Residual-NeRF improves the depth maps using the background
NeRF as a scene prior. Similar to the results in simulation, we observe fewer holes in the
table and in the objects themselves.
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Figure 4.6: RMSE and MAE in depth maps, logged over the number of training epochs and
averaged over all synthetic scenes. The results suggest Residual-NeRF greatly improves
training speed with respect to depth reconstruction.

4.5.8 Training Speed

Speeding up NeRF training is critical to making NeRF a viable option in industrial and home
applications. Any additional speed-ups provided by Residual-NeRF can further improve
sped-up implementations such as Evo-NeRF [146].

To evaluate the quality of depth reconstruction over time, we log depth maps along with
the elapsed training epochs. The resulting RMSE and MAE averaged over all synthetic
scenes during training are visible in Figure 4.6, assuming a pre-trained background NeRF
for Residual-NeRF.

The results suggest Residual-NeRF successfully leverages the background NeRF to
speed up training. We implement all methods in the same Torch-NGP [293] codebase,
making implementation-related differences in training speed unlikely.

4.5.9 Grasp Planning using Dex-Net

Figure 4.7 shows the output of Dex-Net on Residual-NeRF and Dex-NeRF. The results
suggest the output from Residual-NeRF leads to more robust grasping. We use the grasp
location inferred by Dex-Net to grasp transparent objects using a Franka robot manipulator
and its parallel-jaw gripper.
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Figure 4.7: Dex-Net evaluated on the output of Dex-NeRF and Residual-NeRF. The results
suggest the output from Residual-NeRF leads to more robust grasping.

4.5.10 Residual-NeRF-S Mixnet Ablation

To better understand the use of the Mixnet, we evaluate an alternative method where NeRFs
are merged by adding. We refer to this method as Residual-NeRF-S. The equations for
Residual-NeRF-S are:

N

C(r)= Z Ti(1 — exp(—(Obg + Ores)i0i) ) (Chg-tres )is 4.8)
i=1

with

Chg+res = S(c,bg + C/res)a
(C,bg7 Ubg) = (I)bg(h<x7 Y, z, 97 ¢))7
(C/resa Ures) = (I)res(h(xa Y, <, 9, ¢))7
1
S(r) = ——,
() 1+e®

Instead of training a Mixnet to merge background and residual NeRFs, the outputs of
both MLPs are simply added before their activation layer. Figure 4.8 shows a comparison of
depth and view reconstruction; both are worse compared to Residual-NeRF.

Especially with partially opaque objects, significant noise is introduced in the view
reconstruction and depth maps. We believe this is due to the unpredictable behavior of the
background NeRF in areas that were previously unoccupied. Without Mixnet, the residual
NeRF not only has to understand the scene but also deduce the background NeRF’s color
and density predictions in previously empty regions.
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Figure 4.8: Naive Merging (Residual-NeRF-S) as introduced in Equation 4.8 compared
against Mixnet (Residual-NeRF). The results suggest Mixnet helps view reconstruction and
depth mapping when merging NeRFs.

4.6 Conclusion and Discussion

In this chapter, we introduce Residual-NeRF, a method designed to leverage a strong prior
on the background scene to improve depth perception and speed up training. We study the
problem of perceiving depth in mostly static scenes with transparent objects, as is typical of
a robot’s working area, e.g., shelves, desks, and tables.

Residual-NeRF begins by learning a background NeRF of the entire scene without
transparent objects. Following this, a residual NeRF and Mixnet are trained to complement
the background NeRF. The results suggest Residual-NeRF learns faster and achieves better
depth mapping, compared to the baselines.

This chapter could be improved by comparing against more MV S methods non-specific
to transparent objects. Future work may also include combining Residual-NeRF with recent
advances in depth map completion. Future research could explore the performance across
different transparent objects and environment conditions.

4.7 Acknowledgement

We thank the Center for Machine Learning and Health (CMLH) for their generous Fellowship
in Digital Health. We also thank the Pittsburgh Supercomputing Center for their resources,
and Uksang Yoo, Peter Schaldenbrand and Jean Oh for help with the robot experiments.

56



Chapter 5

DeformGS: Scene Flow in Highly
Deformable Scenes for Deformable
Object Manipulation
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Residual-NeRF improved static scene reconstruction using
neural rendering. Robots benefit from an understanding
of not just static scene geometry, but also how scenes
evolve over time—their dynamics. This chapter extends
neural rendering to obtain 3D point tracks from highly

Jeffrey Ichnowski.

DeformGS: Scene Flow in Highly deformable scenes such as cloth. We show that this ap-
Deformable Scenes for Deformable proach may yield millimeter-precise tracking. This ad-
Object Manipulation [71]. vances SOLF’s obtainability by recovering motion super-
Proceedings of Algorithmic vision in scenes with large deformations.

Foundations of Robotics (WAFR),

2024.

Teaching robots to fold, drape, or reposition deformable objects such as cloth will unlock
a variety of automation applications. While remarkable progress has been made for rigid
object manipulation, manipulating deformable objects poses unique challenges, including
frequent occlusions, infinite-dimensional state spaces and complex dynamics. Just as
object pose estimation and tracking have aided robots for rigid manipulation, dense 3D
tracking (scene flow) of highly deformable objects will enable new applications in robotics
while aiding existing approaches, such as imitation learning or creating digital twins with
real2sim transfer. We propose DeformGS, an approach to recover scene flow in highly
deformable scenes, using simultaneous video captures of a dynamic scene from multiple
cameras. DeformGS builds on recent advances in Gaussian splatting, a method that learns the
properties of a large number of Gaussians for state-of-the-art and fast novel-view synthesis.
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DeformGS learns a deformation function to project a set of Gaussians with canonical
properties into world space. The deformation function uses a neural-voxel encoding and
a multilayer perceptron (MLP) to infer Gaussian position, rotation, and a shadow scalar.
We enforce physics-inspired regularization terms based on conservation of momentum and
isometry, which leads to trajectories with smaller trajectory errors. We also leverage existing
foundation models SAM and XMem to produce noisy masks, and learn a per-Gaussian mask
for better physics-inspired regularization. DeformGS achieves high-quality 3D tracking
on highly deformable scenes with shadows and occlusions. In experiments, DeformGS
improves 3D tracking by an average of 55.8 % compared to the state-of-the-art. With
sufficient texture, DeformGS achieves a median tracking error of 3.3 mm on a cloth of 1.5
x 1.5 m in area. Website: https://deformgs.github.io

5.1 Introduction

Recent advances in robot learning have demonstrated impressive performance on challenging
tasks, including rigid and deformable object manipulation. Scaling these approaches to
deployment will require an improvement in robustness and learning from few demonstrations.
A promising avenue for improving robot learning performance is the use of intermediate
representations and foundation models, including 6D object pose estimation [57, 60, 179,
290, 345, 348, 362], semantic latent features [225], and 2D pixel-wise tracking [139, 350].
However, perception and representations that will lead to robust manipulation of deformable
objects remain an open challenge, due to self-occlusions, shadows, and varying (or lack of)
textures.

Three-dimensional dense point tracking, or 3D scene flow, is a useful representation for
robot manipulation, as it provides flexibility to represent high-dimensional dynamic state
changes, while the deformable objects drop, deform, and drape during manipulation. In
particular, dense 3D scene flow can be an input to imitation learning policies [20, 350], can
be used to learn a transition model [271], to identify and track task-relevant key points, or to
create a digital twin through real2sim transfer. Recent work in monocular tracking has seen
improvements in performance on datasets such as TAP-Vid [62], but it remains unclear how
to effectively lift from 2D tracking to 3D for robotic spatial understanding in challenging
highly deformable scenes.

To overcome these limitations, Gaussian Splatting provides a promising avenue. Recent
work demonstrated Gaussian Splatting [145, 147] can yield state-of-the-art novel-view
synthesis and rendering speeds exceeding 100 fps. Concretely, 3D Gaussian Splatting
uses a fast differentiable renderer to fit the colors, positions, and covariances of a set of
3D Gaussians. An extension of 3D Gaussian splatting [199] showed dynamic scenes can
be modeled by explicitly optimizing the properties of Gaussians over time, resulting in
novel-view synthesis and scene flow.

Explicitly optimizing the Gaussian properties as in Dynamic 3D Gaussians [199] may
result in degraded performance with large deformations and shadows. The Gaussian prop-
erties may converge to local optima, especially in scenes with large deformations, strong
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Figure 5.1: We propose DeformGS, a method that improves state-of-the-art methods for
accurate 3D point tracking in highly deformable scenes. This figure shows DeformGS
tracking in a real-world scene from the Robo360 [176] dataset.

shadows, and occlusions.

We propose DeformGS, a method that uses time-synchronized image frames from
a calibrated multi-camera setup to track 3D geometries of deformable objects as they
move through shadows and occlusions. DeformGS learns the canonical state of a set of
Gaussians and a deformation function that maps the Gaussians into world space. This
enables tracking by recovering scene flow, and novel-view rendering (through splatting)
using a fast differentiable rasterizer.

We evaluate DeformGS in six photo-realistic synthetic scenes of varying difficulty. The
scenes contain large deformations, shadows, and occlusions (Figure 5.1 shows tracking
trajectories computed by DeformGS). Empirical results show that DeformGS infers 55.8 %
more accurate 3D tracking results compared to previous state-of-the-art [199, 354]. In a
scene with a 1.5 m x 1.5 m cloth (i.e., Scene 1), DeformGS can track cloth deformation
with as low as 3.3 mm median tracking error.

We also evaluate DeformGS in the real world on the Robo360 [176] dataset. We show
qualitative results for tracking rigid and deformable objects in cluttered scenes, and study
two robotics applications: (1) real2sim transfer to create a digital twin, and (2) tracking
task-relevant keypoints for downstream grasping applications.

In summary, our contributions are as follows:

* We provide the first approach to accurately perform 3D dense tracking of deformable

objects using 4D Gaussians.
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* We provide experiments that suggest state-of-the-art performance in 3D metric track-
ing of deformable cloth. DeformGS improves tracking accuracy by an average of
55.8% in synthetic experiments and demonstrates robust 3D tracking in the real world
for deformable objects. The latter can be exploited as a representation for imitation
learning and represents a new method for building digital twins.

* A set of six synthetic scenes with large deformations, strong shadows, and occlusions.
The scenes and source code are available at the project website: https://deform
gs.github.io

5.2 Related Work

5.2.1 Neural Rendering for Novel View Synthesis

DeformGS builds on prior work in novel-view synthesis, and uses photometric consistency
as a signal to achieve 3D tracking. A popular novel view synthesis approach is NeRF [209].
It uses neural networks to learn scene representations that are capable of photo-realistic
novel view reconstruction. Particle-based methods use a more explicit representation than
typical NeRF-based approaches. DeformGS builds on 3D Gaussian Splatting [145, 147]
which belongs to the latter category. 3D Gaussian Splatting [145] proposed a differential
rasterizer to render a large number of Gaussian ‘splats,” each with their state including color,
position, and covariance matrix. Contrary to the NeRF-based approaches, Gaussian splatting
achieves real-time rendering of novel views with state-of-the-art performance.

5.2.2 Dynamic Novel View Synthesis

The assumption of static scenes in neural rendering approaches prevents application to real-
world scenarios with moving objects or humans, such as the dynamic and deformable scenes
in this chapter. One line of work to address this assumption is adding a time dimension to
NeRF modeling [66, 90, 172, 359]. Prior works either condition the neural field on explicit
time input or a time embedding. Another line of work learns a deformation field to map 4D
points into a canonical space [229, 239], i.e., every 4D point in space and time maps to a 3D
point in a canonical NeRF. DeVRF [186] proposed to model the 3D canonical space and
4D deformation field of a dynamic, non-rigid scene with explicit and discrete voxel-based
representations.

Several recent works extend the above approaches to 3D Gaussian splatting. Dynamic
3D Gaussians [199] explicitly models the position and covariance matrix of each Gaussian
at each time step. This method struggles in dynamic scenes with large deformations, strong
shadows, or occlusions. We build on another recent work, 4D Gaussian splatting [354],
which uses feature encoding techniques proposed in HexPlanes [32] and K-planes [87], and
learns a deformation field instead.
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5.2.3 Point Tracking

Point tracking methods, usually trained on large amounts of data, aided previous 3D tracking
approaches by providing a strong prior [186]. We also construct several baselines that
include point tracking methods (Section 5.6). Prior work on point tracking often studies
tracking 2D points across video frames, where a dominant approach is training models on
large-scale synthetic datasets containing ground-truth point trajectories [62, 63, 107, 398]
or dense optical flows [330]. Optical flow [17, 298] or scene flow [15, 103, 315, 317] can
also be viewed as single-step point-tracking in 2D and 3D, respectively.

Another relevant line of work tightly couples dynamic scene reconstruction and motion
estimation of non-rigid objects. A predominant setup is fusing RGBD frames from videos
of dynamic scenes or objects [220]. Tracking or correspondence-matching methods see
a progression from template-based tracking of objects with known shape or kinematics
priors (such as human hand, face or body poses) [33, 223, 264], to more general shapes or
scenes [25, 26, 406]. The main difference from these works is that we do not use depth
input, and perform more rigorous quantitative evaluations on tracking specific points.

Most related to ours are the more recent methods that obtain tracking from neural scene
rendering. DCT-NeRF [321] learns a coordinate-based neural scene representation that
outputs continuous 3D trajectories across the whole input sequence. PREF [278] optimizes a
dynamic space-time neural field with self-supervised motion prediction loss. Most recently,
Luiten et al. [199] model dynamic 3D Gaussians explicitly across timestamps to achieve
tracking. While the method presented in this chapter also leverages 3D Gaussians, in contrast
to the explicit modeling in Dynamic 3D Gaussians [199], we learn a deformation function
that scales much better with video length, and we focus on deformable objects that are more
challenging than the ball-throwing videos used in [199].

5.2.4 Tracking for Robotics

A core motivation for studying point tracking is the potential it can unlock for robotics
applications: for example, RoboTAP [314] shows pre-trained point-tracking models improve
sample efficiency of visual imitation learning. It detects task-relevant keypoints, infers where
those points should move to, and computes an action that moves them there. Any-point [350]
learns to predict keypoint tracks, but conditioned on language inputs. Track2Act [20]
builds on Any-point by learning a generalizable zero-shot policy, which only needs a few
embodiment-specific demonstrations.

Rigid-body, or 6D, pose tracking and estimation have a rich history in robotics due to
their foundational ability to model the world for a robot to manipulate [57, 60, 179, 214,
290, 345, 347, 348, 362]. In this chapter, we propose a deformable object analog of 6D pose
tracking with the aim of extending successes to deformable object manipulation.

While existing methods leverage 2D tracking, and learn an additional policy to output
robot actions, DeformGS provides a more powerful representation that allows for reasoning
directly in 3D, instead of in the 2D image space.
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5.3 Problem Statement

Given a set of timed image sequences captured from multiple cameras with known intrinsics
and extrinsics, the objective is to learn a model that performs 3D tracking and novel view
synthesis. Each image sequence is captured over the same time interval ¢ € [0, H].

3D Tracking The primary goal is to recover the trajectory of any point in a dynamic
scene by modeling the deformation of Gaussians over time. Thus, the objective is to find a
function z; = Q(wo, to,t), where xy € R3 is the location of a point of interest at a chosen
time ¢y € [0, H], while z, € R? is the location of the same point at another chosen time
t € [0, H]. The function ) is valid for any point x, and any ¢ € [0, H], allowing for tracking
of any point in space.

Novel View Synthesis The secondary goal is to achieve accurate scene flow by using
photometric consistency as a supervision signal. To achieve this, the objective is to recover
novel views from arbitrary viewpoints. The extrinsics at any viewpoint can be captured by
matrix P, with P = K[R|T]. Here K is the intrinsics matrix, R is the rotation matrix of a
camera with respect to the world frame, and 7" is the translation vector with respect to the
world frame. Concretely, the goal is to learn a function V' such that Ip; = V(P,t), where
Ip; 1s an image rendered from a camera with extrinsics P at time ¢. As with the tracking
objective, the time parameter is valid for any ¢ € [0, H].

5.4 Preliminary

5.4.1 Gaussian Splatting

3D Gaussian Splatting [145] deploys an explicit scene representation by rendering a large
set of 3D Gaussians each defined by their mean position 1 and covariance matrix >. Given

x € R?, its Gaussian is
G(z) = e—%(@’—u)Tﬁ*(J»’—u)7

Directly optimizing the covariance matrix Y. would lead to infeasible covariance matrices,
as they must be positive semi-definite to have a physical meaning. Instead, Gaussian
Splatting [145] proposes to decompose X into a rotation R and scale S for each Gaussian:

¥ = RSSTRT,

and optimize R, S, and the mean position.
Given the transformation W of a camera, the covariance matrix can be projected into
image space as
¥ = JWswhJ",

where J is the Jacobian of the affine approximation of the projective transformation.
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During rendering, we compute the color C' of a pixel by blending N ordered Gaussians

overlapping the pixel:
i1

C = ZCZ'OQ' H(l — Oéj).
iEN j=1
where ¢; is the color of each Gaussian and «; is given by evaluating a Gaussian with
covariance multiplied with a learned per-Gaussian opacity o [145, 379]. This representation
allows for fast rendering of novel views, and aims to reconstruct the geometry of the scene.

5.4.2 Deformation Fields for Dynamic Scenes

Prior work showed that a deformation function combined with a static NeRF in a canonical
space can enable novel view synthesis in dynamic scenes. The deformation function
Fyerr : R? — R? deforms a point in world coordinates (2,3, 2’) into a point in canonical
space (z,y, z).

Prior work formulated Fnegrp as an MLP [239] and a multi-resolution voxel grid [84].
Wau et al. [354] applied a similar approach to arrive at Gaussian splatting of dynamic scenes.
Given the state of a single canonical Gaussian, defined by P = [u, S, R, 0, C] at time ¢, a
deformation function is

P' = Fypas(Pt),

where Fpas, similar to the HexPlanes [32], contains a neural-voxel encoding in space and
time. 4D-GS [354] starts with a coarse stage for initializing the canonical space, by setting
P’ = P, bypassing the deformation field and learning canonical properties directly. During
the fine stage we learn the deformation function.

We propose DeformGS (Figure 5.2), based on 4D-Gaussians [354], to render novel views
in dynamic scenes. The key differences with 4D-GS are: (1) we propose an intuitive method
to track canonical Gaussians in world coordinates using a continuous deformation function,
(2) the output of the deformation function is different, e.g., DeformGS infers shadows and
does not alter opacity or scale over time, (3) using the method shown in Figure 5.3, we
enforce physics-inspired regularization losses on the 3D trajectories of Gaussians, and (4)
DeformGS uses dynamic object masks as input to learn a per-Gaussian mask.

5.5 Method

DeformGS achieves novel-view synthesis and high-quality 3D tracking using a canonical
space of Gaussians and a deformation function to deform them to world space (Section 5.5.1).
To incentivize learning physically plausible deformations, DeformGS introduces several reg-
ularization terms (Section 5.5.2). Finally, DeformGS learns 3D masks to focus regularization
and Gaussian deformation on dynamic parts of the scene (Section 5.5.3).
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Figure 5.2: DeformGS maps a set of Gaussians with canonical properties to world space
using a deformation function F'. The deformation function takes in the position of a
Gaussian (z,y, z) and a queried timestamp t, to infer shadow s, rotation R’ and metric
position (z’, %/, z). During training, we use the metric positions and rotations to regularize
the deformation function, considering the state at t = {i — 1,4,7 + 1} with Gaussian metric
states P/_,, P/, P/ ;.

5.5.1 4D Gaussian Splatting

Canonical Neural Voxel Encoding. As with prior work, DeformGS learns a deformation
function F' from a canonical space. We use a neural-voxel encoding to ensure F' has
sufficient capacity to capture complex deformations. Prior work [84, 87, 216, 354] showed
that neural-voxel encodings improve the speed and accuracy of novel-view synthesis in
dynamic scenes. We leverage HexPlanes [32, 354] to increase capacity for simultaneous 3D
tracking and novel-view synthesis.

Figure 5.2 shows an overview of the canonical neural-voxel encoding. Each of the six
voxel modules can be defined as R(i,j) € RP>Wix!Ni Here {i, j} € {(x,y), (v, 2), (y, 2),
(x,t), (y,t),(z1)}, i.e., we adopt HexPlanes in all possible combinations. h is the size of
each feature vector in the voxel, V;, N; are the sizes of the HexPlanes in each dimension, [
is the upsampling scale. In every module, each plane has a different upsampling scale [. To
query the multi-resolution voxel grids, we query each plane using bilinear interpolation to
finally arrive at a feature vector used by the deformation MLP.

Deformation MLP. The deformation MLP takes in the voxel encoding and uses the
encoding to deform the canonical Gaussians into world coordinates. Figure 5.2 shows the
deformation MLP, which infers position, rotation, and a shadow scalar, given a feature
vector from the neural voxel encoding. We choose this set of outputs to model rigid-
body transformations of each Gaussian and changes in illumination. Modeling changes
in illumination is critical in the presence of shadows. We multiply the RGB color of each
Gaussian by the shadow scalar s € [0, 1], and the shadow scalar is in the range [0, 1] by
feeding the output of the MLP through a sigmoid activation function.
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Figure 5.3: DeformGS uses three adjacent timesteps at every iteration to enforce
physics-inspired regularization terms. All Gaussians are deformed to world space using the
deformation function F’, and rasterized to compute the photometric loss and its gradients.
We use the positions of the Gaussians in world coordinates to compute the regularization
terms based on local isometry and conservation of momentum (Section 5.5.2).

Next, we deform the Gaussians, modifying their mean positions x and rotation R, and
arrive at a set of Gaussians in the world space each with state P’. The differentiable rasterizer
from Gaussian Splatting [145] then renders the Gaussians to retrieve gradients for regressing
both the canonical Gaussian states and the parameters of the deformation function.

Unlike 4D-Gaussians [354], we propose to not infer opacity or scale using the de-
formation field. Optimizing for opacity and scale over time would allow Gaussians to
disappear or appear instead of following the motion, which would make tracking less accu-
rate. This design choice reduces the capacity of the deformation function, hence a lower
view reconstruction quality as compared to 4D-Gaussians is expected.

5.5.2 3D Tracking using 4D Gaussians

Physics-Inspired Losses. Figure 5.3 shows the process of tracking Gaussians from the
canonical space in world space. By querying the deformation function /', we can track the
position of a Gaussian along the entire trajectory.

Without additional supervision, this approach will not necessarily converge to physically
plausible deformations. Especially when objects include areas with little texture and uniform
color, the solution space for all deformations is underconstrained by photometric consistency
alone. To learn a more grounded deformation function, we propose regularization terms
inspired by physics.

After empirically evaluating several combinations of regularization terms, we adopt
the isometry loss proposed in [199] and add a conservation of momentum term. The first
term captures a local isometry loss, which we compute based on the state of the £ nearest
neighboring (KNN) Gaussians.
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Local Isometry Loss We incentivize the Gaussians to keep the relative position of the &
nearest neighbors constant w.r.t. ¢ = 0. With sufficient deformation, this assumption will
be broken at a larger scale, but at a local scale, this regularization avoids drift from the
ground-truth trajectory. The isometry loss is

iso 1
SETPSPIL

1€P jeknn;

vj0—tiolly = llitje—pielly| -

with
wij = exp (—wllpj0 — pioll3) ,
Here P is the set of all Gaussians.

Conservation of Momentum We add a term to incentivize conservation of momentum.
Newton’s first law states that objects without external forces applied, given some mass m
and velocity vector v, maintain their momentum m - v. We introduce the regularization term

ﬁmomentum
1,t

= || figs1 + fig—1 — 24t e]|1-

This term incentivizes a constant-velocity vector and has the effect of imposing a low-pass
filter on the 3D trajectories. It smooths out trajectories with many sudden changes of
direction and magnitude (momentum).

5.5.3 Learning 3D Masks

Learning accurate 3D tracking in scenes with a mix of static and dynamic objects and rich
textures poses significant challenges, mainly: (1) imposing physics-inspired regularization
terms on all Gaussians may cause issues when dynamic and static objects interact, and (2)
modeling millions of dynamic Gaussians can become a significant computational burden.
To address this, DeformGS takes noisy masks of dynamic scene components such as
cloth, and learns which Gaussians are dynamic. More formally, we render a mask )M by

i—1

M = Zmiai H(l — o).

i€EN j=1

where m; is a per-Gaussian property, with m; € [0, 1]. We then add a regularization term to
the loss function s.t. m; is regressed to best reconstruct M. Finally, DeformGS uses m; to
select a subset of Gaussians to be dynamic, and applies regularization terms only to those
Gaussians.

5.6 Experiments

We evaluate DeformGS on synthetic and real-world datasets of scenes with highly de-
formable objects. Section 5.6.1 provides details on the simulation experiment setup, eval-
uation metrics, and baseline methods. Section 5.6.2 reports evaluation results from the
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compared methods and provides analysis. Section 5.6.3 lists the real-world evaluation
setup, and finally in Section 5.6.4 we provide a qualitative evaluation of the performance of
DeformGS in the real-world.

5.6.1 Simulation Experiment Setup

Dataset Preparation We use Blender to model dynamic cloth sequences and render photo-
realistic images. We create 6 distinct scenes, each containing a different cloth with distinct
visual and physical properties, and we render images from 100 different camera views and
40 consecutive time steps for training for a total of 4,000 images per scene. The cloth
deformations are introduced by dropping each cloth over one or a few invisible balls onto a
ground plane or by constraining the cloth at an attachment point. We obtain ground-truth
trajectories by tracking the mesh vertices of deformable objects in Blender. Every scene
contains a single deformable object and a rendered background.

Oracle Baselines We compare DeformGS to 2D tracking oracle models which have access
to ground truth depth and trajectory information. While these methods were not designed
for 3D tracking, they are well-known for their impressive 2D tracking performance. Their
numbers aid in putting the tracking performance of the other baselines into context. We
run RAFT [298] on all views, project tracking to 3D using ground truth depth, and report
the mean results as the RAFT model. We provide two additional oracle methods which
have access to the ground-truth trajectories as well. RAFT Oracle first evaluates on all
views, to then output only the trajectories from the view with the lowest median trajectory
error (MTE). We also report OmniMotion Oracle, which runs OmniMotion [330] on the
viewpoint with the lowest MTE for RAFT. Training OmniMotion takes roughly 12-13
hours per viewpoint on an NVIDIA RTX 4090 GPU, making training on all 100 views
impractical. The numbers from RAFT Oracle and OmniMotion Oracle are not an apples-
to-apples comparison with the other methods, as to obtain their result they had to access
privileged ground-truth trajectories.

Gaussian Splatting Baselines (1) Dynamic 3D Gaussians (DynaGS) [199], which also
builds on 3D Gaussian splatting for dynamic novel-view synthesis, except it explicitly
models the positions and rotations of each Gaussian at each time-step. This results in
straightforward tracking of any point via finding the trajectory of the learned Gaussian
closest to a queried point. Although the original paper assumes a known point cloud at
the first frame, we instead use a randomly sampled point cloud for a fair comparison, with
DynaGS and DeformGS both not using depth information.

(2) Finally, we compare to tracking using 4D-Gaussians [354] (4D-GS). We add the
approach for 3D tracking of canonical Gaussians, as shown in Figure 5.3, to extract 3D
trajectories from a novel view synthesis model. Comparing to 4D-GS serves to show the
impact of the changes made in the model architecture, the regularization terms, and learning
per-Gaussian masks to arrive at DeformGS.
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Training and Evaluation Setup We create a dataset of 6 dynamic cloth scenes, each with
varying physical and visual properties (Figure 5.4). For DeformGS and 4D Gaussians, we
perform 30,000 training iterations, and set point cloud pruning interval to 100, voxel plane
resolution to [64, 64], and multi-resolution upsampling to levels L = {1,2,4,8}. We set
the regularization hyperparameters (Section 5.5.2) for all synthetic scenes to A\, = 2,000,
amementum — () )3 - \iso — (),3, and k = 20 for KNN. We keep all hyperparameters the same
for real-world scenes, but increase the regularization terms for momentum and isometry loss.
We generate the masks with Segment Anything (SAM) [150] for the initial frame, and use
XMem [43] to propagate to future frames.

For DynaGS$, we set \84 = 4, \, = 2,000,\*° = 2.0, and k& = 20, as in the open-source
code.

We evaluate each compared method on 1,000 randomly sampled points on each cloth.

5.6.2 Simulation Results

3D Point Tracking Following prior work [199, 398], we report median trajectory error
(MTE), position accuracy (), and the survival rate with a threshold of 0.5 [m] [199].

The results are summarized in Table 5.1. We make the following observations: (1) De-
formGS outperforms baselines RAFT, DynaGS, and 4D-GS, by achieving a reduction in
MTE of 55.8%-76.0% compared with the baselines. (2) The discrepancy between the
RAFT oracle model and its averaged result demonstrates the difficulty arising from frequent
self-occlusions. (3) The oracle models perform very well; this is in part thanks to the falling
and short-horizon nature of these sequences, limiting self-occlusions. In the real-world
we expect much larger errors due to noisy depth and more challenging occlusions in long-
horizon tasks. It would also be unclear what viewpoint to choose without access to ground
truth trajectories. This also points to future research avenues for additional supervision
through optic flow and 2D tracking algorithms such as RAFT. (4) Scenes with less texture
such as scene 3 perform significantly worse than scenes with strong texture.

Qualitative Results Figure 5.4 shows DeformGS results on all synthetic Blender scenes;
Figure 5.5 shows ground truth and inferred trajectories in scene 5. The results show that
especially DynaGS and 4D-GS introduce large errors as the cloth drapes down. RAFT
improves over DynaGS and 4D-GS but requires accurate depth estimation.

5.6.3 Real-World Experiment Setup

Rob0360 Data The Robo360 dataset [176] is a 3D omnispective multi-material robotic
manipulation dataset. It covers many different scenarios, including manipulation by robot
manipulators and humans captured by 86 calibrated cameras. These properties make it an
ideal dataset to evaluate the effectiveness of DeformGS in the real world. We select three
scenes: (1) a human folding a larger duvet, (2) a human folding a smaller cloth, and (3) a
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Table 5.1: 3D tracking results on the deformable cloth dataset (Figure 5.4). For each metric,
the methods above the solid line had access to privileged information, see “* and

Section 5.6.1 for more details. The results suggest that DeformGS outperforms the
baselines in all averaged metrics, and is competitive with the oracle models. The results also
suggest our novel deformation function architecture, learning per-Gaussian masks, and
physics-inspired regularization losses improve the tracking performance compared to
4D-GS [354]. We do not consider the oracle methods to be fair baselines and therefore do
not bold their results.

Metric Method Scene 1 Scene2 Scene3 Scene4 Scene5 Scene6 Mean
RAFT [298] * 67.264 89.944 220.125 177909 84.593 23422 110.543
RAFT Oracle [298]%® 3381 26956 58971 12.481 3.930 3.192  18.152
3D MTE [mm] | OmniMotion Oracle [330] ¢ 0.535 14.513 39.958 4.556 2.487 2.011 10.677
DynaGS [199] 24233  81.119 464.64 54074 34985 36.101 115.859
4D-GS [354] 4.645 95.032 223.839 27.441 14.091 11.619 62.778
DeformGS 3.373 4533 88.369 14.022 7.257 8.173  27.754
RAFT [298] ¢ 0.553 0.379 0.222 0.533 0.586 0.619 0.482
RAFT Oracle [298]%® 0.926 0.577 0411 0.703 0.833 0.808 0.710
3D 6uy 1 OmniMotion Oracle [330] * 0.987 0.693 0.549 0.864 0.885 0.849 0.805
DynaGS [199] 0.624 0.31 0.042 0.435 0.533 0.527 04118
4D-GS [354] 0.902 0.339 0.164 0.583 0.697 0.715  0.5667
DeformGS 0.929 0.522 0.322 0.71 0.856 0.787 0.688
RAFT [298] ¢ 0.945 0.792 0.779 0.822 0.792 0.854 0.831
RAFT Oracle [298]% 0.986 0.833 0.957 0.872 0.929 0.903 0.913
. OmniMotion Oracle [330] * 1 0.963 1 0.985 0.963 0.933 0.977
3D Survival 1
DynaGS [199] 0.999 0.99 0.483 0.988 0.992 0.992 0.907
4D-GS [354] 1 0.967 0.834 1 0.999 1 0.967
DeformGS 1 1 1 1 1 1 1

@ Method had access to ground truth depth. ® Method had access to ground truth trajectories to pick the best
camera view.

robot arm folding a t-shirt. In the cloth folding scene, we exclude viewpoints where the
entire person’s body is visible to eliminate unnecessary complexity.

We also subsample the data to demonstrate DeformGS performance with fewer views.
The duvet folding scene contains 17 training views, the cloth folding scene contains 20
training views, and the t-shirt folding robot scene was trained with 21 views.

5.6.4 Real-World Experiment Results

Real2Sim for Digital Twins Figure 5.6 shows the 3D tracking overlaid on rendered images,
as well as the Gaussian points at each time step. The results suggest that DeformGS is
able to successfully infer smooth and meaningful trajectories in the real world. While no
ground truth is available, the trajectories appear to follow their geometry closely except for
a few floating Gaussians. Hyperparameter tuning of the regularization functions, as well as
discarding Gaussians with a low opacity, might help resolve this.

The point cloud included in this figure can be used to create a digital twin after recording
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Figure 5.4: This figure shows the rendering and tracking of DeformGS in the six dynamic
Blender scenes used for evaluation. We will refer to the scenes in this figure as Scenes 1, 2,
3,4, 5 and 6 ordered from left to right, and top to bottom.

(a) RAFT [298] (b) DynaGS [199] (c) 4D-GS [354]  (d) DeformGS

Figure 5.5: Results on Scene 5: randomly sampled ground-truth trajectories in green,
inferred trajectories in red, and the error of corresponding points in red lines. Compared to
the baseline methods, DeformGS results in smaller errors in 3D tracking.

the sequence. The digital twin of the duvet, and the entire environment, can then be used to
create more dense supervision for imitation learning approaches.

Task-Relevant Keypoint Tracking Robotic manipulators can benefit from tracking task-
relevant keypoints, such as the corner of a cloth or the edge of a jacket. Figure 5.7 shows a
comparison between 4D-GS [354] and DeformGS in 3D point tracking, evaluated on both
duvet and cloth scenes. The results suggest DeformGS leads to more smooth and overall
useful trajectories. The trajectories from 4D-GS intertwine into more messy trajectories,
and appear less physically plausible. This would hinder the adoption of 3D tracking into
robot applications. Figure 5.1 shows DeformGS trajectories for a robot folding a t-shirt.
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Figure 5.6: A person manipulating a duvet in the Robo360 [176] dataset, reconstructed
using DeformGS. The top row shows the 4D Gaussians as point clouds, where the color
represents dense correspondences. The bottom row shows rendered views overlaid with 3D
trajectories projected to image space.

DeformGS

Duvet ' Cloth

Figure 5.7: 3D point tracking on duvet (left) and cloth (right) folding scenes. Compared
with 4D-GS (top), DeformGS (bottom) infers smoother, less tangled trajectories.

5.7 Conclusions

In this chapter, we address the challenging problem of 3D point-tracking in dynamic scenes
with deformable objects. We introduced DeformGS, the first approach that learns continuous
deformations for 3D tracking of highly deformable scenes. We empirically demonstrate
that DeformGS outperforms baseline methods and achieves both high-quality dynamic
scene reconstruction and high-accuracy 3D tracking on highly deformed cloth objects with
occlusions and shadows, both in simulation and the real world. We also contribute a dataset
of six synthetic scenes to facilitate future research.
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Limitations and Future Work DeformGS, similar to prior work on dynamic novel view
reconstruction, requires a setup of multiple synchronized and calibrated cameras, which
may require a significant engineering effort in real-world scenarios. Additionally, significant
innovation will be required to achieve the demonstrated results in real-time, as will be
beneficial for scalable robot applications.

While DeformGS improves upon prior methods, we do observe Gaussians wandering
off in some cases. We also notice the algorithm is relatively sensitive to the regularization
hyperparameters (A™°™e"U™m and \is%): this might be resolved in the future by adding supervi-
sion from state-of-the-art point-tracking algorithms. These limitations point to promising
directions for future research.
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Chapter in Context

DeformGS showed neural rendering can provide a pow-
erful signal for 3D point tracking with multiple cameras.
However, it required a large number of cameras, long
training, and was sometimes fragile. This chapter presents
Cloth-Splatting, which extends DeformGS by pre-training
a generic cloth dynamics model, in addition to scene-
specific fine-tuning. The result is better performance
with fewer cameras and faster convergence. In SOLF, the
learned dynamics prior makes cloth state more obtainable
from fewer views and less optimization.

We introduce Cloth-Splatting, a method for estimating 3D states of cloth from RGB images
through a prediction-update framework. Cloth-Splatting leverages an action-conditioned
dynamics model for predicting future states and uses 3D Gaussian Splatting to update the
predicted states. Our key insight is that coupling a 3D mesh-based representation with
Gaussian Splatting allows us to define a differentiable map between the cloth’s state space
and the image space. This enables the use of gradient-based optimization techniques to refine
inaccurate state estimates using only RGB supervision. Our experiments demonstrate that
Cloth-Splatting not only improves state estimation accuracy over current baselines but also
reduces convergence time by ~ 85 %. Code and videos available at: kth-rpl.github.io/cloth-

splatting.
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6.1 Introduction

Teaching robots to fold, drape, or manipulate deformable objects such as cloths is fundamen-
tal to unlocking a variety of applications ranging from healthcare to domestic and industrial
environments [193]. While considerable progress has been made in rigid-object manipu-
lation, manipulating deformables poses unique challenges, including infinite-dimensional
state spaces, complex physical dynamics, and state estimation of self-occluded configura-
tions [405]. Specifically, the problem of state estimation has led existing works on visual
manipulation to either rely exclusively on 2D images, overlooking the cloth’s 3D struc-
ture [7, 257, 368], or to use 3D representations that neglect valuable information in RGB
observations [122, 181, 194].

Prior work on cloth state estimation often relies on 3D particle-based representations
derived from depth sensors, including graphs [192, 258] and point clouds [288]. While
point clouds effectively capture the object’s observable state, they lack comprehensive
structural information [194]. Alternative approaches rely on Graph Neural Networks (GNNs)
trained on simulated data to predict graph representations using action-conditioned cloth
dynamics [122, 181, 201]. However, these representations require online fine-tuning to
bridge the sim-to-real gap. Using depth information to supervise the refinement of the cloth’s
3D state estimates involves time-consuming simulation-based optimization techniques, as it
lacks visual clues such as texture [123]. How to leverage RGB observations, which contain
such information, remains an open problem.

We propose Cloth-Splatting (Figure 6.1), a method to estimate 3D states of cloth from
RGB supervision by combining GS [145] with an action-conditioned dynamics model.
The key idea of our method is to represent the 3D state of the cloth as a mesh and create
a differentiable mapping between the cloth state space and the observation space using
GS. This is achieved by populating the mesh faces with 3D Gaussians and expressing
their positions relative to the mesh vertices. Given this, we can address the problem of
estimating the 3D state of the cloth using a prediction-update framework akin to Bayesian
filtering. Starting with a previous state estimate and a known robotic action, Cloth-Splatting
predicts the next state using a learned dynamics model of the cloth. This prediction is then
updated using RGB observations, leveraging the rendering loss provided by GS, allowing
the refinement of the state estimate using visual clues such as texture and geometry.

We experimentally evaluate the 3D state estimation of cloth in simulated and real-world
environments. Results show that Cloth-Splatting outperforms all 2D and 3D baseline
tracking techniques, being 57 % more accurate and ~ 85 % faster than the best-performing
baseline. We further showcase how refining mesh-based representations enables closed-
loop manipulation of cloths. Together, the results suggest that tracking deformable objects
using only RGB observations is feasible, efficient, and accurate. The contributions of this
chapter are 1) a mesh-constrained object-centric extension of GS; 2) a vision-supervised 3D
state estimation for cloth with action-conditioned dynamics priors, and 3) experiments that
suggest successful sim-to-real transfer.
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Figure 6.1: Cloth-Splatting state estimation of a real-world cloth. We introduce
Cloth-Splatting, a 3D state estimation method for cloth from sparse RGB observations that
combines GNN with GS. Given an initial sequence of 3D mesh predictions from the GNN
(left), Cloth-Splatting (right) updates it using RGB observations, achieving state-of-the-art
3D tracking performance for deformables.

6.2 Related Work

Cloth Manipulation. Manipulating cloth in robotics involves tasks like folding, smooth-
ing, lifting, and inserting objects into deformable bags [7, 257, 269, 368]. Manipulation
approaches can be categorized into model-free methods, mapping cloth states or sensory
data to actions [205, 339, 358], and model-based methods, utilizing cloth models to devise
manipulation strategies [116, 123, 213]. Model-based approaches often rely on 3D represen-
tations focusing on optimizing pick-and-place actions. However, optimizing manipulation
between pick and place in a closed-loop manner is crucial for handling planning errors
and object variability [96, 113, 170, 194, 235], but remains underexplored, largely due to
the challenges of real-world cloth state estimation [123]. This chapter addresses this gap,
enabling feedback-loop manipulations using graph representations.

Cloth State Estimation. Cloth state estimation is a well-studied area in robotics, computer
vision, and computer graphics [256, 283]. While vision-based methods for 2D and 3D
cloth state estimation have been developed for static observations of cloths lying flat on
a surface [44, 52, 133, 169], tracking these estimates over time is challenging due to the
complex non-linear dynamics of deformables. A first solution to this problem proposes a
self-supervised method that leverages an action-conditioned dynamics model of the cloth and
test-time optimization to refine 3D state representations from point cloud observation [123].
However, this method requires aligning real-world states with simulated ones and disregards
informative feedback provided by RGB observations. Unlike previous methods, the method
presented in this chapter refines the 3D cloth states using RGB feedback. This is made
possible by a differentiable GS map linking 3D states to image observations.
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Vision-based tracking. Tracking points in 2D image space over time is a widely studied
problem [62, 139, 272, 298, 330]. However, 3D visual trackers [300, 384] have gained
popularity more recently, as they better address the occlusion challenges inherent in 2D
tracking. Extensions of NeRF [209] to non-static scenes [81, 173, 229, 239] already allow
us to track the 3D motion of dynamic scene content, but often lack applicability to real-world
scenarios [91]. 3D Gaussian Splatting [145] based methods, like Dynamic 3D Gaussians
(DynaGS) [199], track by explicitly modeling the position and covariance of each Gaussian
over time. In contrast, 4DGS [354] learns a continuous deformation field to track Gaussian
displacements. MD-Splatting [70] builds on 4DGS for cloth tracking using a shadow
network and physics-inspired regularization. DeformGS [71] extends MD-Splatting by
learning object-centric masks, and simplifying the regularization terms. However, these
methods require dense observations (at least 50 cameras for MD-Splatting and DeformGS)
and involve computationally costly per-scene optimizations (see Figure 6.4).

Mesh-constrained GS. Similar to Cloth-Splatting, several methods combine meshes
and 3D Gaussians for deformable object representation [92, 136, 319]. However, like
PhysGaussian [364], they rely on explicitly modeled dynamics and lack refinement with
visual observations, limiting their tracking capabilities.

6.3 Problem Formulation

The problem addressed in this chapter is estimating the 3D state of a cloth M, at time
t + 1 given the observations Y., and the agent’s actions a;;. The state of the cloth
is represented as an augmented mesh M; = (Vy, Vt, E;), where V, € RN*3 are the
vertex positions, V, € R¥*3 are the velocities of the vertices, and E, € ZIJFXZ the edges.
Only V, and V, are estimated while the edges E;, that form a triangular mesh structure
for connectivity, remain constant, i.e., Eg = E; = ... = E;. The observations Y;;; =
{10, ..., If,} are a set of K multi-view RGB images I}, € RY*"*3 with unique
camera matrices P = {P° ..., PX} where P* € R**. The actions a, € R? are
Cartesian end-effector velocities.

We reframe this estimation problem as a Bayesian filtering problem, where the goal
is to infer the joint posterior distribution p(M;;1|Y 1,141, a;1.1) recursively over time with
a general prediction-update framework. The prediction step is assumed to have access
to a transition probability function p(M,,1|M;, a;), which allows us to compute a prior
p(M;11|Y 1.4, ar) of the state of the system at time ¢ + 1:

p(Mt+1|Y1:t731:t) = /p(Mt+1|Mt7at)p(Mt|Y1:t7alzt—1)th; (6.1)

provided the history of observations Y;...; and the agent’s actions a;.;. Given a new
observation Y, the update of the prior estimate is proportional to the product of the
measurement likelihood p(Y;,1|M;;1) and the predicted state. Thus, the joint posterior
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distribution is obtained as follows:
1
p<Mt+1‘Y1:t+17 al:t) = ;p<Yt+1‘Mt+1)p(Mt+1’Y1:t7 al:t)a (6.2)

where 7 is a normalization constant, ensuring that the posterior distribution integrates to 1.
The state estimation problem then reduces to solving (6.2).

6.4 Method

Solving the problem of cloth 3D state estimation through a prediction-update framework
requires modeling two key components: the transition probability function p(M;,1|My, a;)
for the prediction step and the measurement likelihood p(Y;41|M;,1) for the update step.

To handle the non-trivial deformable object dynamics, we approximate the transition
probability function with a deterministic GNN fp parameterized by 6, which is described in
more detail in Section 6.4.1. This GNN allows us to predict the state of the cloth at time
t + 1, denoted as Mt—H-

For the update step, we model the measurement likelihood p(Y;y1|M;.1) using a
measurement model h(Y;,;|M,,1), which maps the predicted state M, ; to the predicted
observation YtH. The likelihood is then expressed as a function of the measurement error
Y41 —Yyi1]|2. Still, modeling the highly non-linear measurement model / that maps from
the state space of the cloth to the image space is challenging. The key insight of this chapter is
to approximate the measurement model using GS, such that Y =~ hgs(M,, , P). Details
on hgs are provided in Section 6.4.2.

By combining the transition model fy and the measurement model hgs, we create a
differentiable mapping between the cloth’s state space and the observation space. This
allows us to obtain the updated state l\N/Itﬂ via gradient-based optimization by minimizing
the measurement error in the observation space:

Lobs = || Y141 — th(MtH,P)Hga (6.3)

as described in Section 6.4.3.
An overview of the full method is visualized in Figure 6.2, showing the prediction-update
framework proposed in this chapter.

6.4.1 State Prediction

We model the cloth’s action-conditioned transition function fy using a GNN parameterized
by 0 that is designed to effectively handle the mesh structure and complex cloth dynam-
ics [258]. The input to the GNN consists of the last m states of the mesh M;_,,.; and the
external robot action a;. To condition the GNN to the action, we assume the grasped particle
is rigidly attached to the gripper, directly updating its position and velocity, similar to Wang
et al. [338]. This constraint allows fp to dynamically predict the next state of the cloth
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Figure 6.2: Overview of Cloth-Splatting. We estimate the 3D state of the cloth through a
prediction-update framework. We use a graph neural network (GNN) to approximate the
transition function that estimates the next state Mt+1 given an action a; and the state M.
We then employ our proposed mesh-constrained Gaussian Splatting (GS) as a measurement
model /s to obtain an estimate of the observation Yt+1 given the current refined state
Mt+1 = Mt+1 + (5Mt+1 The differentiability of GS allows us to iteratively optimize the
update 5Mt+1 of the state estimate via the photometric consistency loss between the
ground-truth observation Y, ; and the rendered state ?tﬂ.

l\A/ItH = fo(M;_,.+,a;) by propagating the effects of actions across the graph structure.
Specifically, the network predicts the acceleration of each node, which we integrate using a
forward-Euler integrator to compute the next velocity and position of each vertex. We train
fo on a one-step Mean Squared Error (MSE) loss between the predicted and ground-truth
meshes.

6.4.2 Mesh-constrained Gaussian Splatting

We utilize GS as the measurement model YtH = hGS(Mt+1, P), where hgg is a differen-
tiable map between the mesh representation and the image space.

Background. GS synthesizes images by projecting the centers g and covariances X2 of 3D
Gaussians to the image plane and then uses a-blending to aggregate their colors ¢ to pixel
colors. To enforce the covariance matrix 3 to be positive and semi-definite, GS decomposes
it into a rotation R and scale S for each Gaussian:

¥ = RSS'R". (6.4)
Given the camera matrix P, the covariance matrix can be projected into image space as:

> =JPXP'JT, (6.5)
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where J is the Jacobian of the affine approximation of the projective transformation. During
rendering, the color c? of a pixel is computed by blending N ordered Gaussians overlapping

the pixel:
i—1

cf = Zciai H(l — o), (6.6)
iEN j=1
where c; is the color of each Gaussian and «; is given by evaluating the projected 2D
Gaussian with covariance multiplied with the learned opacity of each Gaussian.

Mesh-constrained GS. To connect GS to the mesh representation, we assign each Gaussian
to a face of the initial mesh. The mean position g of each Gaussian is then defined in linear
barycentric coordinates:

W= bivh + bov? + bgv3, (6.7)

where v!, v, v3 € V are the vertices of the assigned face and b; + b, + b; = 1. The rotation
R of the Gaussian is then expressed relative to the assigned face. During a mesh deforma-
tion, the parameters of the Gaussians and the barycentric coordinates remain constant and
represent the cloth’s time-invariant appearance.

6.4.3 State Update

The goal of the state update is to improve the state prediction Mt—H based on the observation
Y, 1 such that the updated state 1\~/It+1 minimizes the measurement error (Equation 6.3).
One option to refine the state would be to directly optimize the transition function fp so
it yields Mt+1 as an improved state estimate. However, fy requires recursive roll-out for
estimating future states. Coupled with the internal propagations of the GNN, this can lead
to vanishing gradients.
To circumvent the previous issues, we instead define the updated state as the sum:

1\~/Le+1 = Mt+1 + (5Mt+1, (6.8)

where 51\7It+1 = uy(t + 1) is a learned residual state update parameterized by 3. The
residual map u,;, is modeled as a Multi-layer Perceptron (MLP), mapping the time to an
offset from the state prediction, and is optimized using gradient descent on L. Intuitively,
this approach keeps the prior estimate from the GNN fixed, refining the cloth state by
minimizing the discrepancy between the observed image and the rendered cloth state.
The residual map is optimized per scene with the initial output set close to zero. We
also add the regularization 1oss Ly = Lssiv + Liso + Lmagn,» Where Lssv is the Structural
Similarity Index Measure (SSIM) loss [340], L, ensures an As-Rigid-As-Possible (ARAP)
behavior [123, 279] in the cloth, and £, minimizes overall motion for numerical stability.
Details on the regularization and the mesh-constrained GS appear in the supplementary
material of the original publication [195].
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6.5 Experimental Evaluation

The primary objective of the experiments is to evaluate how quickly and accurately Cloth-
Splatting can estimate 3D cloth states from RGB images compared to other baselines.
We further ablate different components of our method, provide qualitative results, and
demonstrate the feasibility of using Cloth-Splatting for robotic cloth manipulation in both
simulated and real-world scenarios.

6.5.1 Experimental Set-up

Dataset Generation. Due to the lack of ground-truth states in real-world scenarios, we
generated a synthetic dataset composed of 75 different scenes to conduct quantitative
evaluations. We included three different object categories: TOWEL, SHORTS, and TSHIRT
with five mesh variations of each object and five different trajectories per variation. The mesh
variations were generated following Lips et al. [185]. Each trajectory consists of random
interactions with the cloths, performed using the NVIDIA Flex simulator [180, 202]. We
recorded RGB-D images from 4 different camera views for each scene and time step, where
the depth is only used for the baseline methods. We used Blender to render photo-realistic
scenes. We further record robot actions and ground-truth cloth states.

Action-conditioned learned dynamics and mesh initialization. We implemented the
action-conditioned models using the Graph Network Simulator (GNS) architecture proposed
in [258], which consists of a GNN with a node encoder, a processor, and a decoder. The
input to the model is a mesh reconstructed from a 3D point cloud of the cloth at t = 0. We
use Delaunay triangulation to reconstruct the mesh [55]. The point cloud can be obtained
from either depth observations or multi-view stereo reconstructions [335]. We trained the
model exclusively on the TOWEL object and split the dataset into a training, validation, and
test set.

Gaussian Splatting and Residual Model. For initialization, two randomly parameterized
Gaussians are positioned on each face of the mesh, by sampling their barycentric coordinates
from the distribution A/ (1/3,0.05) and normalizing them so that they add up to 1. To
model the appearance of the cloth, we first optimize the Gaussians using observations from
t = 0 and the measurement loss L., without regularization for the first 1.5k iterations.
Subsequently, we jointly optimize the Gaussians and the residual network for an additional
5.5k — 6.5k iterations for learning the residual deformation and previously unseen parts of
the cloth, such as a differently colored backside.
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Update. 'We implement two different update procedures. The ITERATIVE update predicts
one step ahead, refines the prediction with GS, and then uses the refined state as input to
the GNN for the next prediction. In contrast, ROLLOUT predicts future states by unrolling
the GNN over the entire trajectory and then refines all states simultaneously with GS,
resulting in a faster overall runtime. We apply ROLLOUT in the tracking experiments and
ITERATIVE in the manipulation experiments. The supplementary material of the original
publication [195] provides a runtime and accuracy comparison between the approaches.

6.5.2 Quantitative Results

To quantify the tracking performance, we use: median trajectory error (MTE) [398], which
measures the distance between the estimated cloth and ground-truth tracks; position accuracy
(0) [62], which measures the percentage of tracks within the pre-defined distance thresholds
10, 20, 40, 80, and 160 mm to the ground truth; and the survival rate, which assesses the
average number of frames until the tracking error exceeds a predefined threshold [398],
which we set to 50 mm.

We compare Cloth-Splatting to these baselines: Dynamic 3D Gaussians (DynaGS) [199],
which models each Gaussian’s position and rotation; and MD-Splatting [70], which extends
GS by projecting non-metric Gaussians into a metric space to track deformable objects better.
We also include the unrefined GNN predictions to establish a performance baseline, as well
as a 2D tracking method obtained by evaluating RAFT [298] on all views and then reporting
only the trajectories from the view with the lowest MTE. We denote this as RAFT-Oracle as
it has access to the ground-truth cloth state to select the best-performing view.

6.5.2.1 Comparative Tracking Evaluation

We assess the tracking accuracy of Cloth-Splatting across the 75 synthetic scenes against the
baselines. The results in Table 6.1 show Cloth-Splatting outperforms the next best baseline
MD-Splatting by 9.66 % in MTE on average, while also having the best overall position
accuracy 0,y and survival rate.

All methods show a varying performance between the different scenes, with all meth-
ods consistently being the worst on SHORTS which contain the largest, self-occluded
deformation of the cloth with an example shown in Figure 6.3. Analyzing the unrefined
GNN predictions shows a competitive performance, even on the shapes which are out-of-
distribution from the training data, indicating that the GNN generalizes across different
geometries.
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Table 6.1: Quantitative evaluation. Comparison of Cloth-Splatting and the baselines in
tracking quality. We report the mean and the standard deviation per metric (1« £ o) and
mark the best result bold.

Metric Method SHORTS TOWEL TSHIRT Mean
RAFT-Oracle [298] 26.511 +33854  17.951 + 12523 8.062 +14990  18.324 123821
3D MTE DynaGS [199] 15.987 + 17972 7.352 + 3265 9.574 + 434 10.924 + 11246
1 [mm] MD-Splatting [70] 7.043 + 9265 1.755 + 271 2.109 + 2.907 3.635 + 6235
GNN 17.388 +15824  9.157 & 7200 14.826 £ 12205  13.853 £ 12674
Cloth-Splatting 4928 + 5290 1703 £ 123 3159 + 288 3.284 + 32
RAFT-Oracle [298]  0.660 +o0.166 0.661 +o.114 0.744 +o.133 0.683 +o0.143
D6 DynaGS [199] 0.773 +o0.141 0.829 +0.076 0.808 +0.083 0.804 +o.105
& MD-Splatting [70]  0.816 2o0ms  0.870 +o0ss  0.855 1002 0.847 +o0s
T GNN 0.720 +o0.128 0.791 +0.07 0.731 0141 0.747 + 0121
Cloth-Splatting 0.851 +0.075 0.879 +0.057 0.858 +0.080 0.862 +0.072
RAFT Oracle [298] 0.666 +0.170 0.734 o119 0.752 o013 0.715 +o.145
Survival DynaGS [199] 0.795 +o0.154 0.860 +0.072 0.850 +0.092 0.835 o113
rate MD-Splatting [70] 0.869 + 0.085 0.910 +0.059 0.881 +0.082 0.887 +0.077
T GNN 0.771 +o.38 0.860 =+ 0.081 0.770 +o0.138 0.800 +o0.128
Cloth-Splatting 0.917 +0.067 0.927 +0.059 0.888 -+ 0.084 0.910 + 0072

6.5.2.2 Model Ablation

We report ablation studies on the mesh-constrained component of Cloth-Splatting in Ta-
ble 6.2 on a SHORTS scene. In the following, we refer to each ablation by the corresponding
identifier, e.g., (Al).

Using the state predictions of the GNN without the GS update (A1) results in a high
tracking error, likely due to the previously unobserved shape of the cloth. Similarly, using
Cloth-Splatting without the GNN (A2) and relying only on the initial mesh state for initial-
ization leads to poor tracking accuracy, as the model must learn the entire deformation just
from visual observations. Additionally, removing the regularization terms (A3) significantly
reduces accuracy as it fails to enforce cloth structural properties. Consequently, parts of the
cloth stretch into unnatural states to satisfy the visual observations rather than maintaining
the underlying shape. Interestingly, reducing the number of camera views (A6, A7) does not
degrade the performance as much as other ablations, although we experience a larger drop
in performance for a monocular setup (AS).

6.5.2.3 Time Ablation

To quantify how the cloth model prior affects convergence time, we compare the MTE of
Cloth-Splatting to the best-performing baseline throughout their training durations. The
experiments were performed on an NVIDIA 4090 GPU and an Intel 19-14900K processor.
Figure 6.4 shows that Cloth-Splatting achieves faster convergence times than the MD-
Splatting and overall lower tracking error. The efficiency of Cloth-Splatting not only reduces
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Table 6.2: Model ablation.

3D MTE

Ablation
[mm]

(A1) OnlyGNN 21552

(A2) No GNN 16.135
(A3) No Lyeg 15.772
(A4) NoR; 10.799
(A5) 1 view 16.525
(A6) 2 views 9.535
(A7) 3 views 9.004
Full (4 views) 8.923

computational costs but also enables faster adaptation to new scenarios, making it a more
practical choice for real-world online applications.

6.5.3 Qualitative Results

We present simulated qualitative rendering and tracking results in Figure 6.3 and compare
these to MD-Splatting. Both methods capture the underlying dynamics of the scene. Never-
theless, the tracking results of MD-Splatting are negatively influenced by occasional tracking
of visual artifacts. Although high-quality renderings are not the goal of Cloth-Splatting, the
results show that the general visual appearance of the observed cloth is reproduced faithfully.

To showcase the transferability of Cloth-Splatting to the real world, we qualitatively
evaluate the tracking of a real cloth folded by a 7-DOF Franka Emika Panda robot, observed
by 3 extrinsically calibrated RealSense D435 cameras from which we only collect RGB
images. Figure 6.1 shows qualitative real-world results for Cloth-Splatting and the GNN
predictions. While the GNN predictions partially predict the correct mesh structure, they
suffer from compounding errors from the roll-out predictions. Subsequently, Cloth-Splatting
successfully updates the mesh to better model the cloth shape.

6.5.4 Robotic Manipulation Use Case

We further showcase that our state estimation process enables closed-loop optimization of
folding trajectories using graph state representations. We focus on the half-folding task from
Garcia-Camacho et al. [95], optimizing the trajectory between predefined pick-and-place
positions. Our method refines the cloth’s state estimate during each re-planning step, using
model-predictive control (MPC) for planning and Cloth-Splatting for refinements (MPC~-CS).
We compare against a baseline using a predefined linear trajectory (Fixed), an open-loop
(MPC-0OL) baseline, and an oracle baseline (MPC—-ORACLE) with ground-truth state access.
The results in Table 6.3 show that our method outperforms all baselines, achieving results
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scenes. (26.555s).

comparable to those of the oracle, underscoring the effectiveness of our method in refining
state estimates for model-based closed-loop manipulation.

Table 6.3: Manipulation results. We report the mean and standard deviation of the MSE
computed between the final cloth state and the goal state. Results are presented in units of
1073.

Method TOWEL TSHIRT
FIXED 2.2 +04 24 +04
MPC-OL 1.8 £2.1 7.3 +52

MPC-CS (us) 0.6 06 1.2+08

MPC-ORACLE 0.4 +o02 0.8 £05
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6.6 Conclusions

We introduced Cloth-Splatting, an approach for 3D state estimation of cloths using RGB
supervision. Cloth-Splatting integrates an action-conditioned cloth dynamics model with
Gaussian Splatting to enhance the accuracy of 3D state representations based solely on
RGB feedback using sparse (3-4) camera views. We experimentally validated the quality
of these estimates and showcased the computational efficiency of our framework. These
advancements position Cloth-Splatting as a more practical choice for real-world applications
compared to existing baselines.

Limitations. While Cloth-Splatting shows significant improvements over the baselines, its
speed is still insufficient for real-time applications. Additionally, the need for a calibrated
multi-camera set-up may present challenges in real-world scenarios, although scalable
computer vision techniques for calibration, such as those in DUSt3R [335], can help
mitigate this issue. Since Cloth-Splatting assumes a static visual appearance, dynamic
appearance changes, such as shadows or changing lighting conditions, can occasionally
lead to the tracking of visual artifacts. Furthermore, the initial mesh initialization requires
occlusion-free observations of the cloth. To address this limitation, recent advances in
template-based reconstruction [336] of crumpled cloth present a promising direction for
future research.
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Chapter 7

RaySt3R: Predicting Novel Depth Maps
for Zero-Shot Object Completion

ORIGINALLY APPEARED AS Chapter in Context

Bardienus P. Duisterhof, Jan Thus far we have reconstructed observed structure in static

O_berSt’ Bowen Wen, Stan and dynamic scenes. But humans understand viable object

Birchfield, Deva Ramanan, Jeffrey . . . . . .
structure from just a single viewpoint. Can we instill a sim-

Ichnowski.
RaySi3R: Predicting Novel Depth ilar capability into robots? With RaySt3R, we formulate

Maps for Zero-Shot Object object completion as novel view synthesis by predicting
Completion [73]. novel depth maps. In SOLF, predicting geometry rather
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3D shape completion has broad applications in robotics, digital twin reconstruction, and
extended reality (XR). Although recent advances in 3D object and scene completion have
achieved impressive results, existing methods lack 3D consistency, are computationally
expensive, and struggle to capture sharp object boundaries. The method presented in this
chapter (RaySt3R) addresses these limitations by recasting 3D shape completion as a novel
view synthesis problem. Specifically, given a single RGB-D image and a novel viewpoint
(encoded as a collection of query rays), we train a feedforward transformer to predict depth
maps, object masks, and per-pixel confidence scores for those query rays. RaySt3R fuses
these predictions across multiple query views to reconstruct complete 3D shapes. We
evaluate RaySt3R on synthetic and real-world datasets, and observe it achieves state-of-the-
art performance, outperforming the baselines on all datasets by up to 44 % in 3D Chamfer
distance. Project page: rayst3r.github.io
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Figure 7.1: RaySt3R is a method for zero-shot 3D shape completion from a single
foreground-masked RGB-D image. It predicts depth maps, object masks, and per-pixel
confidence scores for novel viewpoints, and fuses them to reconstruct a complete 3D shape.
RaySt3R is able to recover the geometry of full objects in cluttered real-world scenes,
despite only being trained on synthetic data.

7.1 Introduction

3D shape completion is an enabling tool for visual reasoning and physical interaction with
partially visible objects, and facilitates a wide range of downstream tasks such as robot
grasping in cluttered environments [204, 346], obstacle avoidance [211, 294], mechanical
search [119], digital-twin reconstruction, and Augmented or Virtual or Extended Reality
(AR/VR/XR) applications.

Challenges. We focus on the robotics-driven setting where an RGB-D image is provided
as input for multi-object shape completion. While object-centric methods achieve high
reconstruction quality for single objects, multi-object scenes require instance segmentation
and alignment procedures [1] that tend to be brittle in practice. Generative approaches use
2D image generation models [341, 381] to generate images from novel viewpoints, but these
can be sensitive to large viewpoint changes and are computationally inefficient at inference
time, which hinders robot and XR deployment. Other methods scale up 3D prediction on
abundant synthetic scene data [129], but the resolution for the 3D representations (such
as 3D MAE voxel grids) is too coarse to capture sharp object shapes with high-frequency
geometry details.
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Approach. We propose Ray Stereo 3D Reconstruction (RaySt3R), a novel method for
addressing the above challenges. Given a single masked RGB-D image as input, our
key insight is to recast shape completion as a novel view-synthesis task, then aggregate
multiple view predictions to generate a complete 3D shape. Our approach draws inspiration
from recent work that casts 3D reconstruction as point map regression via multi-view
transformers [68, 335]. We similarly use a vision transformer (ViT) [64] architecture defined
over visual DINOv2 [225] features extracted from the input image. However, instead of
requiring a second image as an additional input, we input the novel view to be synthesized
in the form of a camera ray map. Specifically, RaySt3R is trained to predict depth maps,
confidence maps, and foreground masks for each queried ray via cross-attention. We
then merge RaySt3R’s geometric predictions from multiple novel views using the per-ray
confidence and mask predictions.

Data. Since RaySt3R can be seen as a view-synthesis engine, we can train at scale on
pairs of RGB-D images without requiring volumetric 3D supervision (as required by prior
work [129]). We train RaySt3R on a large-scale augmented synthetic dataset with 1.1
million scenes and 12 million views. Across synthetic and real-world benchmarks, RaySt3R
outperforms prior art by up to 44 % (in shape completion accuracy). Despite never being
trained on real data, RaySt3R generalizes well to real-world cluttered scenes.

This chapter contributes:

e RaySt3R, a method for view-based 3D shape completion that learns confidence-aware
depth maps and object masks from novel views, and uses a novel formulation of merging
multi-view prediction.

e A new curated large-scale dataset with 12 million novel depth maps and masks, which we
will open-source to facilitate future research.

e Evaluations of RaySt3R on synthetic and real-world datasets that show RaySt3R achieves
state-of-the-art accuracy for 3D shape completion, and successfully generalizes to real-
world cluttered scenes after training on only synthetic data.

7.2 Related work

3D shape completion has seen impressive progress over the last years. We explore related
works categorized by their reasoning space, i.e., volumetric approaches and view-based
approaches.

Volumetric reasoning Volumetric methods operate directly in 3D space and provide strong
geometric priors. Some approaches directly predict point clouds [83, 206, 312], while others
rely on implicit geometry representations. The latter infer 3D structure at test time by
querying the representation with a spatial point and a partial observation (e.g., an RGB or
RGB-D scan). Prior work uses signed distance functions for such representations [155, 228]
or voxel occupancy grids [24, 26, 118, 160, 207, 232, 353]. OctMAE [129] builds on
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the idea of MAE [110] from the image synthesis domain, and applies it to next-token
prediction natively in 3D. Although these methods yield promising results, their resolution
is constrained by the cubic cost of their volumetric resolution, leading to a coarse grid and
smoothed structures lacking fine details.

Another strategy decomposes the scene at the object level [1, 376]. SceneComplete [1]
constructs a 3D scene by chaining together foundation models for object segmentation,
occlusion inpainting, 3D shape retrieval, and pose estimation. Despite its modular design,
our experiments (Section 7.5) suggest that this reliance on multiple components introduces
brittleness and several single points of failure.

Recent work like TRELLIS [361] instead learns a 3D latent representation from text or
image, which can be decoded into various formats such as meshes. However, as shown in
Section 7.5, experiments suggest it struggles in real-world multi-object scenes. In contrast,
RaySt3R adopts a view-based strategy that is specifically designed for robust 3D completion
in cluttered environments.

View-based reasoning Diffusion models [114] and their extensions [115, 252, 255] have
enabled unprecedented performance in generative tasks such as image synthesis, inpaint-
ing, and video prediction. Several works leverage off-the-shelf generative models for 3D
generation tasks [93, 188, 318, 356, 381]. ViewCrafter [381] leverages these advances by
iteratively completing a scene point cloud using a point-conditioned video diffusion model.
More recently, Li et al. [162] predict layered depth maps for constructing object-level and
scene-level 3D geometries. While this method yields promising results on single-object
shape completion, it struggles with predicting accurate geometries in real-world scenes
containing multiple objects. Unique3D [356] tries to strike a balance between fidelity and
inference speed by predicting multi-view images, generating corresponding normal maps
and a textured mesh within 30 seconds.

While these models often yield visually appealing results, they lack geometric consis-
tency, especially for cluttered real-world environments. The inference time of large diffusion
models may also hinder deployment in robotics or XR settings. In contrast, RaySt3R pre-
dicts geometrically accurate depth maps from novel views, for fast and accurate 3D shape
completion in cluttered real-world scenes.

7.3 Problem statement

Given a single RGB-D image, "t ¢ R¥>W>3 pinput ¢ REXW foreground mask M €
{0, 1}¥>W and a camera with known intrinsics, K" € R3*3, the goal is to predict the
full 3D surface geometry of all masked foreground objects.

We frame the prediction goal as a set of points Q € RY*?3 that is both accurate and
complete w.r.t. the ground-truth points Q%' € R>*3, sampled on the surfaces (e.g., meshes)
of all objects in the scene.

We measure accuracy as the shortest distance from a predicted point to the nearest
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Figure 7.2: The architecture of RaySt3R. RaySt3R takes a single RGB-D image and
foreground mask as input, and predicts depth maps, object masks, and per-pixel confidence
scores for novel views. First, we apply the foreground mask to the RGB and point map
input. Next, we use self-attention layers for the point map and ray map inputs, and feed the
RGB image into the frozen DINOv2 [225] encoder. We feed all features into cross-attention
layers followed by two separate DPT heads [244] for depth and mask predictions. Finally,
we provide a confidence- and occlusion-aware multi-view merging formulation.

ground-truth point, averaged over all predicted points. We measure completeness as the
shortest distance from a ground-truth point to the nearest predicted point, averaged over all
ground truth points.

7.4 Methods

An overview of our approach is illustrated in Figure 7.2. We propose to train a transformer
that, given the partial capture from a single RGB-D image and foreground mask, predicts
depth maps and per-pixel confidence scores, and foreground masks for novel views. We first
present the model architecture (Section 7.4.1), then the training objectives (Section 7.4.2).
We then describe the procedure for querying novel views (Section 7.4.3) and conclude with
the prediction merging strategy (Section 7.4.4).
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7.4.1 Network architecture

The RaySt3R network architecture is inspired by DUSt3R [335] and successors [325, 331,
341]. Here, we leverage a ViT with point map, ray map, and depth map representations for
3D object completion.

The inputs to RaySt3R (Figure 7.2) are a foreground-masked RGB-D image and a novel
query view. First, we unproject the input depth map D™ to a point map X "Put ¢ RZ*W>3
using the given input image intrinsics &™", thus

X;j;put _ (Kinput)—l[iD;r:fut7 ]D;?;)ut, D:lj])ut]T
We convert the query view into a ray map R € RT>W>2 with R, ; = [(i — ¢2)/fx, (J —
¢,)/ 1,7, where c,, ¢, are the image-center coordinates and f,, f, are the focal lengths of
the novel target view.

Because we would like to pass information between the input and query views via
cross attention, we transform the input point map X, into the target camera coordinate
frame to ease information sharing. That is, X <" = PIEYh(X™P"), where PiTY € R4
transforms from the input to query camera coordinate frame, and h : (z,y, 2) — (x,y, z, 1).

We compute features for the point map and ray query with L layers of self-attention
(SA).

Fpoinunap — SA()(COHtext)7 Fray — SA(R) (71)

We mask out the background in X “°™*" and replace it with a single learned background token.
We process the RGB image by first masking out the background, and subsequently passing
it through a frozen DINOV2 [225] encoder. Recent work has shown that a combination of
features from different layers of a pre-trained ViT is useful for downstream tasks [79], hence
we concatenate the features from intermediate layers of the DINOv2 encoder, and use a
linear layer to project them to F'P™NO,

For the cross-attention (CA) layers, we construct the keys of the first layer by concate-
nating FPOnt-map and F'PINO The queries are the ray features F™.

G = CA(F™  concat(Fromt-map  fPINOY) (7.2)

Finally, we use a DPT head [244] to predict depth maps and their confidence scores. A
separate DPT head predicts the object mask.

7.4.2 Training objectives

We train RaySt3R to predict confidence-aware depth maps and object masks.
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Depth loss Inspired by DUSt3R [335], we define the confidence-aware depth loss:

ﬁdepth = Z Z Mlg; <Gi,j Hdiyj — ngTJH2 — QélOg Oi,j) . (73)

€l0o,Ww—1] je[0,H-1]

Here, C;; is the confidence score of each pixel in the predicted depth map, « is a hy-
perparameter, d; ; is the predicted depth, d is the ground-truth depth, and Mlg; is the
ground-truth mask. The confidence scores are enforced to be strictly positive by setting
Ci; < 14 exp(C; ;). This enables a confidence estimate without explicit supervision.

We also predict binary object masks from novel viewpoints, and use a binary cross-
entropy loss to supervise them during training.

mask = Z Z IOg mZ]) (]‘ - mf,t]) 1Og(1 - mi7j>> (74)

i€[0,W—1] je[0,H—1]

Here, m, ; is the predicted object mask after a sigmoid operation, and m ; 18 the ground-truth
object mask. Finally, we combine the depth and mask losses with a sum weight Apak.

£total = £depth + )\mask‘cmask (75)

7.4.3 View sampling

To construct a set of query views to sample, we fit a tight bounding box to the input view
point map and sample points on a sphere with radius A\y,7y, around the box’s center. Here,
App 1S @ tunable parameter, and 7y, is half the length of the bounding-box diagonal. We
found degenerate cases where the bounding box is too small, thus we clip the radius to be at
least Acum”cam», Where 7, is the distance from the camera to the center of the bounding box
and A, is a tunable hyperparameter. We sample points evenly on a cylindrical equal-area
projection of the sphere to improve the coverage of the scene. We don’t include the input
point map in our predictions as it likely contains noise and artifacts. Instead, we query
RaySt3R with the input view and include it in our predictions.

7.4.4 Merging predictions

After predicting depth maps and object masks for all novel views, we merge them to produce
a complete 3D shape. We merge the depth maps by accounting for occlusions, RaySt3R’s
predicted masks, and the confidence scores.

Occlusion handling: First, we filter the points in each novel view to only parts of the
scene that were not visible in the input image (i.e., those points occluded by the input view’s
foreground mask M and depth map D™™"!). Each point ¢, ; ; is defined as the point
predicted by the n-th novel view at pixel (4, j). Its projection in the input view is given by
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Prij = Kinpu PP 1(gn,i ;). where PP transforms points from the n-th novel view to the
input view. We define each entry of the mask as:

m (7.6)

n7Z7]

e )1 if (Daig): > D™ and M =1
0 otherwise '
RaySt3R predicted masks: Even with the occlusion constraint, the object mask from a
novel view is largely unknown. For example, any observed surface could be a thin plate or a
rich 3D object. We use the predicted mask from RaySt3R to filter the points, by thresholding
the predicted mask mz;yStsR € [0,1] at 0.5.

Confidence scores: RaySt3R’s architecture enables unsupervised confidence scores for
each pixel in the predicted depth maps. Confidence scores are typically used to reduce
edge-bleeding in dense ViT predictions [325, 335], or to exclude out-of-distribution objects
such as specularities. With the same objective, we threshold CE;ySQR at 7 for all experiments;
more analysis is provided in Section 7.5.8.

Final mask: The final valid mask for a given novel view is obtained by setting

Mg = My 1[miSoR > 0.5) - 1[f93% > | (7.7)

1,%,J 7,157 7,157

We obtain our final 3D reconstruction by aggregating valid points across all novel views.

7.5 Results

7.5.1 Training dataset

RaySt3R’s training procedure requires a large number of camera pairs to scale zero-shot
to the real world. It requires an RGB image for the input view and depth maps, intrinsics,
and extrinsics for both cameras. We leverage existing synthetic datasets from Foundation-
Pose [348] and OctMAE [129]. OctMAE [129] places GSO [65] and Objaverse [54] objects
in synthetic scenes, and provides a single rendered image and depth map for each scene.
FoundationPose has separate GSO and Objaverse splits; we only use the GSO split. For both
datasets, we use the Objaverse and GSO meshes to render depth maps from novel views.
Our dataset spans 1.1 million scenes with 12 million views in total.

7.5.2 Evaluation datasets

We evaluate RaySt3R on synthetic and real-world datasets. Following OctMAE [129], we
evaluate on subsets of evaluation splits of the YCB-Video [362] (900 frames), HOPE [309]
(50 frames), and HomebrewedDB [142] (1,000 frames) datasets. They are real-world 6D
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pose estimation datasets with noisy depth maps and imperfect masks, including common
objects such as boxes and cylinders, as well as items of complex geometries such as metal
parts. For results on synthetic data, we evaluate on evaluation split of the OctMAE [129]
(1,000 frames) dataset test split. We notice edge artifacts in the masks introduced due to
data compression in the original work [129].

7.5.3 Data augmentation

Synthetic training data lacks noise and other artifacts as present in the real world. We
therefore apply data augmentation during training to better bridge the sim-to-real gap.
Inspired by [51, 345, 348], we apply a set of augmentations to the input views at training
time. For depth maps, we randomly apply Gaussian noise, add holes, and shift the pixel
coordinates [13, 51]. For the RGB image, we randomly vary brightness and contrast, and
apply per-channel salt-and-pepper noise and Gaussian noise.

7.5.4 Implementation details

We train RaySt3R on 8x 80-GB A100 GPUs for 18 epochs, totaling approximately 20
million scene iterations. We set the batch size to 10 per GPU, and a learning rate of
1.5 x 10~* with a half-cosine learning-rate schedule, starting with one warm-up epoch and
using an AdamW optimizer [196]. We use a ViT-B model with patch size 16, embedding
dimension 768, 12 heads, 12 cross-attention layers, but 4 self-attention layers to save on
compute. We select the ViT-L with registers for DINOv2 [225].

We set Ay, = 1.3 and A, = 0.7 for all real-world datasets, and Ay, = 2.5 and Aoy, = 1.2
for the OctMAE dataset. The parameters are chosen to be larger for the OctMAE dataset, as
the input view is typically placed very close to the objects with severe occlusions. We set
the confidence threshold 7 = 5 for all experiments, and sample 22 views in total. During
training we set the confidence parameter o« = 0.2, A5 = 0.1. Inference takes less than 1.2
seconds on a single RTX 4090 GPU, and can be further reduced by querying fewer views.

7.5.5 Baselines

We compare RaySt3R against the state-of-the-art in 3D shape completion. OctMAE in-
troduced a novel 3D MAE algorithm, and also trained prior shape completion models
on their novel dataset. We compare against OctMAE, and the prior works they trained,
i.e., VoxFormer [167], ShapeFormer [370], MCC [353], ConvONet [232], POCO [24],
AICNet [160], Minkowski [47], and OCNN [329].

We also compare against SceneComplete [1], which uses a combination of founda-
tion models to produce complete geometry. The authors leverage a VLM and Grounded-
SAM [249] to produce object-level masks, image inpainting to fill in occluded regions, an
image-to-3D model to produce a 3D mesh, and finally FoundationPose for 3D alignment.
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We also benchmark against Unique3D [356] and TRELLIS [361], which are recent image
to 3D models. Finally, we compare against ‘Layered Ray Intersections’ (LaRI) [162], which
introduced the concept of layered point maps to predict multiple points on each camera ray.
Unique3D, Trellis, and LaRI predict points in canonical coordinates; we align the predictions
with the ground truth 3D using first a brute-force search for a similarity transform, followed
by ICP [277]. Note that we do not perform such a registration for RaySt3R, but provide this
to baselines to give them the benefit of the doubt. While LaRI [162] and Unique3D [356] do
not require foreground masks for reconstructing objects, we observe that TRELLIS [361]
tends to reconstruct the entire scene. Therefore, we compare TRELLIS with a masked
image input and a raw image input. We also attempted to evaluate ViewCrafter [381] on
this task, but the images produced by the video diffusion model were of too poor quality
to perform the evaluation. We provide more details in the supplementary material of the
original paper [73].

7.5.6 Quantitative results

Following prior work [129], we evaluate the zero-shot generalization performance of all
methods using Chamfer distance (CD) and F1-Score@ 10mm (F1). Detailed formulations
of the metrics are provided in the original paper’s supplementary material. We present
the quantitative results of this evaluation in Table 7.1. RaySt3R consistently outperforms
all baselines across both synthetic and real-world scenes. The strongest baseline, Oct-
MAE [129], performs competitively; however, RaySt3R surpasses it across all metrics,
by 20 % to 44 % in CD. SceneComplete [1] proves to be a fragile pipeline, therefore not
yielding competitive results. We were unable to produce SceneComplete results on HOPE,
as the pipeline requires an intractable amount of VRAM for cluttered scenes. LaRI [162],
Unique3D [356], and TRELLIS [361] show better performance than SceneComplete [1], but
also do not produce competitive results. Feeding masked RGB images to TRELLIS [361]
outperforms raw image inputs on all datasets except HomebrewedDB [142]. We show
common failure modes in Section 7.5.7.

We also compute the standard deviation of the Chamfer distance across all real-world
datasets for each method and observe that our model exhibits the lowest standard deviation
(1.74 mm), followed by OctMAE [129] (2.38 mm) and Unique3D [356] (8.11 mm).

7.5.7 Qualitative results

Figure 7.3 shows qualitative results of RaySt3R on real-world datasets. The results sug-
gest that RaySt3R is capable of generating high-quality 3D predictions, generating more
consistent and complete results compared to the baselines. The most competitive baseline,
OctMAE [129], produces viable but oversmoothed object shapes due to its low-resolution
3D MAE grid. Furthermore, TRELLIS [361], Unique3D [356] and LaRI [162] struggle
with relative object placement and aspect ratios. They also fail for certain out-of-distribution
objects, and occasionally fail to register to the ground truth point cloud. Interestingly,
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Table 7.1: Quantitative evaluation of multi-object scene completion on synthetic and
real-world datasets. We evaluate on the test split of OctMAE [129], and the BoP
benchmarks YCB-Video [362], HOPE [309], and HomebrewedDB [142]. We report
Chamfer distance (CD) [mm] and F1-Score @ 10mm (F1). The first section contains
numbers copied from OctMAE [129], the second section contains recent works we
evaluated. For alignment of LaRI [162], Unique3D [356], and TRELLIS [361] with the
ground truth mesh, we apply brute force search followed by ICP [277]. We evaluate
TRELLIS [361] with masked and unmasked RGB inputs. SceneComplete [1] runs out of
VRAM on HOPE [309]. The results suggest RaySt3R outperforms all baselines.

Synthetic Real

OctMAE [129]  YCB-Video [362] HB [142] HOPE [309]
Method CDhy Fit CDhy FI7 CDh| Fi1t CDh| Fit
VoxFormer [167] 44.54 0.382 30.32  0.438 34.84 0.366  47.75 0.323
ShapeFormer [370] 39.50 0.401 38.21 0.385 40.93 0.328  39.54 0.306
MCC [353] 43.37 0.459 35.85  0.289 19.59 0.371  17.53 0.357
ConvONet [232] 23.68 0.541 32.87 0.458 26.71 0.504  20.95 0.581
POCO [24] 21.11 0.634 15.45 0.587 13.17 0.624  13.20 0.602
AICNet [160] 15.64 0.573 12.26  0.545 11.87 0.557 11.40 0.564
Minkowski [47] 11.47 0.746 8.04 0.761 8.81 0.728 8.56 0.734
OCNN [329] 9.05 0.782 7.10 0.778 7.02 0.792 8.05 0.742
OctMAE [129] 6.48 0.839 6.40 0.800 6.14 0.819 6.97 0.803
LaRI[162] 39.22 0.283 11.41 0.658 22.23 0.414 18.64 0.528
Unique3D [356] 44.62 0.244 17.56 0.468 25.41 0.329  26.37 0.322

TRELLIS (w/ mask) [361] 61.74 0.227 22.94 0.443 35.29 0.354  20.25 0.443
TRELLIS (w/o mask) [361] 65.74 0.225 31.74 0.338 30.71 0.348  22.05 0.416
SceneComplete [1] 81.57 0.289 96.63 0.359 85.81 0.416 N/A  N/A

RaySt3R (ours) 5.21 0.893 3.56 0.930 4.75 0.889 3.92 0.926

TRELLIS [361] may predict table surfaces even for masked input images with no visible
table. SceneComplete [1] proves to be brittle to single-point failures such as missing object
masks.

7.5.8 Ablation studies

Training ablations: Table 7.2 summarizes our training ablation results, with all models
trained under the same setup for roughly 20 million scene iterations. Training a ViT-S
model (384-dim, 6 heads) leads to a performance drop. Disabling data augmentation further
degrades zero-shot generalization to real-world data, highlighting its importance. We also
compare training on 100k uniformly sampled scenes versus the full 226k GSO set. The
smaller but more diverse 100k set performs better, emphasizing the value of data diversity.
Finally, removing DINOv2 [225] inputs causes an additional decline, underscoring the
benefit of pre-trained features.

99



o T

OctMAE Ours
& B )
3 e 'y
* Unique3 ScéneComplete OctMAE Ours
. H i |
nh A% ék s €2
= t ] 4 (
‘ a i LaRI TRELLIS with mask OctMAE Ours ’
b=
{.
an '
Unique3D TRELLIS with mask OctMAE Ours

Unique3D TRELLIS without mask OctMAE

' LaRI TRELLIS with mask OctMAE Ours

Figure 7.3: Qualitative results of RaySt3R in real-world multi-object scenes. For each scene,
we select a subset of methods to preserve visual clarity, but we share all method predictions
in the supplementary material of the original paper [73]. The results suggest RaySt3R
produces the most geometrically accurate shapes compared to the baselines. The most
competitive baseline, OctMAE [129], tends to predict softer shapes as a result of its coarse
3D MAE grid. We observe TRELLIS [361], Unique3D [356], and LaRI [162] struggle with
relative object placing, aspect ratios, and out-of-distribution objects, occasionally leading to
incorrect registration to the ground truth points. Finally, SceneComplete [1] proves to be
brittle to single points of failure such as missing object masks.
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Table 7.2: Ablation study on RaySt3R Table 7.3: Ablation study on RaySt3R view
training on the YCB-Video dataset [362]. merging on the OctMAE test dataset [129].

The results suggest data scale, data We ablate querying the input view
diversity, DINOv2 [225] features, data (Section 7.4.3), occlusion masking with the
augmentation, and model size affect input mask, and finally RaySt3R’s predicted
RaySt3R’s performance. masks. The results suggest all steps contribute
to performance, especially the predicted
Method name Ch| F1t masks.
RaySt3R (proposed) 3.56 0.930
ViT-S 3.70 0.920 Query Input Occ. Mask Pred. Mask CD]  F1t
o smenaion % 0,/ aroam
1 S . .
v v 7.55 0.836
w/o DINOvV2 [225] 4.81 0.877 X
Trai 226k GSO 5.34 0.864 / X / 7.6 0.855
rain on scene . . v/ v/ X 10.12 0.825
X X X 73.17 0.641

View merging ablations: Table 7.3 shows the ablations on our view merging formulation.
We ablate querying the input view (Section 7.4.3), using the input mask to detect occluded
regions, and finally the use of RaySt3R’s predicted mask. The results suggest that each
component of our formulation contributes to shape completion performance, especially the
predicted masks.

Confidence RaySt3R predicts a per-pixel confidence value, which can be used to filter
the predictions. To understand the impact of the confidence threshold, we report Chamfer
distance, Completeness, and Accuracy for a range of thresholds, as depicted in Figure 7.4.
The results suggest that confidence is a good proxy for error and that confidence can be
effectively used to trade off accuracy and completeness. Depending on the application, the
threshold can therefore be tuned accordingly, as some applications may be less tolerant to
outliers requiring high accuracy, while others may require more complete predictions. For
all prior experiments, we set confidence threshold 7 to 5 for a balance between accuracy and
completeness. Figure 7.5 shows a visualization of the impact of changing the confidence
threshold on the predicted 3D points.

7.6 Conclusion and future work

We present RaySt3R, a novel approach to 3D shape completion from a single RGB-D
image and foreground mask. RaySt3R learns to predict depth maps, object masks, and
per-pixel confidence scores for novel viewpoints, which are fused to reconstruct complete
3D shapes. We benchmark RaySt3R on real-world and synthetic datasets, and compare it to
the state-of-the-art in volumetric and view-based methods. The results suggest that RaySt3R

101



—&— Chamfer-11 —&— Completeness —8— Accuracy

s e e

M\*

O 0,0 O D H N0 oD
NI S QY AT YN

Metric [mm] {
w = (4]

Confidence threshold Conf threshold = 0 Conf threshold = 10

Figure 7.4: Confidence threshold vs error ~ Figure 7.5: The impact of the confidence

metrics averaged over all real-world threshold on the predicted 3D points. This
datasets. The results suggest increasing experiment suggests increasing the

the confidence threshold improves confidence threshold can aid in reducing the
accuracy and degrades completeness. edge bleeding issue.

is capable of generating high-quality 3D predictions, outperforming the baselines across the
board.

RaySt3R’s results could be further improved by training on real-world data and scaling
up compute. The current synthetic dataset might be too limited to capture increasingly

complex objects. Future work may also explore scaling up compute by exploring other
architectures like diffusion transformers.
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Chapter 8

Modality Forcing for Scalable Spatial
Generation

ORIGINALLY APPEARED AS Chapter in Context

Bardienus Pieter D“iSterhij De"_a RaySt3R’s posed depth maps can be used for object com-
Ramanan, Jeffrey Ichnowski, Justin pletion, but this kind of data is not cheaply available at
Johnson, and Keunhong Park. )
. . scale. To scale at a lower cost, can we use image-only
Modality Forcing for Scalable . . . .
Spatial Generation [74] pre-training with text-to-image (T2I)? In Modality Forc-
arXiv:2606.13676. 2026. ing, we study this question by post-training T2I models to
produce monocular depth. We find that depth performance
scales with T2I performance, and contribute a state-of-
the-art monocular depth predictor. This addresses SOLF’s
obtainability by learning geometric priors from abundant

images with limited depth supervision.

Text-to-image (T2I) models contain rich spatial priors. Synthesizing photorealistic, cluttered
scenes requires an understanding of geometry, including perspective and relative scale. Prior
works adapt T2I models to leverage this prior for depth prediction, but they require dense
depth data and involve complex recipes. We propose Modality Forcing, a simple, scalable
post-training recipe for joint image-depth generation using a single DiT trained on sparse
depth data. Modality Forcing enables conditional and joint generation of image and depth in
any permutation by assigning separate noise levels per modality. Per-modality decoders let
us train on sparse, real-world depth and achieve strong, generalizable depth prediction. We
further show that Modality Forcing inherits the scalability of T2I pre-training: by training a
set of T2I models from scratch (370M to 3.3B parameters), we find that larger models trained
on more image data produce more accurate depth. Our strongest model is competitive with
state-of-the-art monocular depth estimators and reduces AbsRel by 57% relative to existing
joint image-depth generative models. These results provide strong evidence that image
generation is a scalable pre-training objective for spatial perception.
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Figure 8.1: We present Modality Forcing, a post-training recipe to extract spatial priors
from text-to-image (T2I) models. A single DiT models the joint distribution over images
and depth, enabling joint and conditional generation in arbitrary combinations. We
demonstrate depth predictions improve with increasingly capable T2I pre-training,
suggesting T2I is a scalable objective for spatial generation.

8.1 Introduction

Over the past several years, simple architectures and formulations fed with plentiful data
have outperformed complex human-designed pipelines in many tasks. Examples include
DUSt3R [335] for 3D reconstruction, SAM [150] for segmentation, and SAM-3D [295] for
mesh generation. A central lesson is that general methods capable of absorbing more data
are more effective than complex heuristics—often called the bitter lesson [289].

Models trained on task-specific data have led to considerable advances; however, 3D
data is scarce, which makes it difficult to scale to the quantities required for large models.
One approach to ease this is to combine multiple synergetic tasks in a unified multi-task
formulation. Language modeling is the clearest example, where a single generalist model
trained on next-token prediction [29] exceeds specialist systems across translation, question
answering, and coding.

Text-to-image (T2I) models contain similarly rich representations, but adapting them to
new spatial tasks is difficult. First, they denoise latent tokens in an image VAE which is not
designed for arbitrary spatial modalities. Depth as images limits training to dense (usually
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Figure 8.2: Modality Forcing generates rich RGB-Depth from text prompts. Unprojecting
the points to 3D, Modality Forcing generates faithful and sharp geometry. The same
checkpoint enables monocular depth estimation, and depth-to-image generation competitive
with the best specialist models.

synthetic) samples and precludes encoding other spatial modalities such as meshes or point
clouds. Second, post-training T2I models for spatial tasks may destroy their pre-trained
backbones and limit the pre-training benefit. Post-training generative models to produce
spatial modalities requires a simple and scalable recipe.

We introduce Modality Forcing, a post-training recipe that enables a pre-trained T2I
model to predict depth. Modality Forcing combines latent RGB tokens and pixel-space
depth tokens into a single DiT to model the joint image-depth distribution. Pixel-space
depth diffusion enables learning from sparse real-world depth annotations and achieves
state-of-the-art results. Once trained, Modality Forcing allows setting RGB or depth as a
target or conditioning, enabling joint generation, or conditional image-to-depth (12D) or
depth-to-image (D2I) generation.

Prior work has also modeled the joint RGB-depth distribution, but relied on learned
adapters and was limited to dense depth data [30, 390]. We show that post-training a
single DiT on the joint distribution unlocks training on real-world data and improves
depth predictions by 57% on average. Concurrent work explored native multimodal pre-
training [371] and instruction fine-tuning [89], representing depth as images. These models
show encouraging results across visual tasks but share the same challenges with data, and
leave it unclear whether depth quality scales with T2I capability.

We contribute a controlled scaling study to investigate the scalability of Modality Forcing
with T2I model capability. We train a family of DiTs from scratch, spanning from 370M
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to 3.3B parameters, and apply the same Modality Forcing recipe to each. We find that
increasingly capable T2I models, larger models trained on more images, produce more
accurate depth predictions. This suggests T2I is a scalable pre-training objective for spatial
generation.

Contributions.

* Modality Forcing, a simple post-training recipe that unifies three spatial tasks—
monocular depth estimation (12D), depth-to-image (D2I), and joint image-depth generation
with one set of weights.

* A controlled scaling study from 370M to 3.3B parameters and from zero to 1.92B images,
showing that depth predictions scale with T2I model and training size.

* State-of-the-art results: applied to FLUX.2-klein-9B, Modality Forcing competes with
the best depth estimators and outperforms joint image-depth baselines by a margin of
57%.

8.2 Related Work

Text-to-image. Text-to-image (T2I) models have advanced rapidly over the past few
years [82, 154, 252, 296]. The Stable Diffusion family of models began with latent diffusion
models [252], which perform denoising in the latent space of a pre-trained VAE rather
than in pixel space; this became the dominant template for efficient image synthesis. A
major architectural shift came with Stable Diffusion 3 [82], which replaced the U-Net with
a Diffusion Transformer (DiT) [230] trained under a rectified-flow objective. The current
state of the art for open-source models is largely set by FLUX [154] and Z-Image [296] —
both flow transformers operating in the latent space of an image VAE and trained on large
volumes of curated data. Whether this growing T2I capability reflects a correspondingly
stronger underlying spatial prior remains untested; Modality Forcing answers this by post-
training a controlled family of T2I checkpoints into joint image-depth generators under one
recipe.

Monocular depth estimation. Monocular depth estimation has recently been transformed
by foundation models trained on large corpora [333, 334, 373, 374]. Depth Anything
V2 [374] scales by distilling a large teacher trained on synthetic data through pseudo-labeled
real images, yielding strong zero-shot depth. Other works repurpose T2I models as depth
priors: Marigold [143] fine-tunes Stable Diffusion on synthetic RGB-D pairs. The DiT
architecture itself has also been adapted for depth: Pixel-Perfect Depth [366] shows that
diffusing depth in pixel space avoids edge artifacts. Most recently, MoGe [333] reframes
the problem as direct prediction of an affine-invariant 3D point map from which depth and
intrinsics can be derived, and MoGe-2 [334] extends this to metric scale. Together, these
lines of work establish that foundation-style learning on large 3D datasets yields high-quality
depth and that T2I models carry exploitable spatial priors. Despite the rapid progress of T2I
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models, the extent to which their spatial priors transfer to depth has not been systematically
studied.

Joint Image-Depth Generation. A growing body of work tackles jointly generating images
and depth, motivated by the observation that a single joint distribution over RGB and depth
unifies conditional and joint generation. LDM3D [280] retrains a Stable Diffusion VAE and
U-Net on six-channel RGB-D inputs. JointNet [390] duplicates the pre-trained U-Net into
a parallel depth branch tightly coupled to a frozen RGB branch, supporting bidirectional
prediction via channel-wise inpainting. UniCon [165] generalizes this with LoRA and
disentangled per-branch noise schedules, recovering depth-conditioned generation, depth
estimation, and joint sampling in a single model. JointDiT [30] ports the paradigm to
diffusion transformers atop FLUX.1, introducing unbalanced per-modality timestep sam-
pling. Orchid [152] instead trains a joint VAE over color, depth, and normals, paired with
a single latent diffusion model. All of these methods rely on dense RGB-D supervision,
typically from synthetic data or curated captured datasets. In contrast, Modality Forcing is a
post-training recipe that scales with the base T2I model and removes the requirement for
dense supervision.

8.3 Method

Modality Forcing (Figure 8.3) post-trains a pre-trained text-to-image DiT to model the joint
distribution over RGB and depth. The core idea is to give each modality its own noise level,
so that a single set of weights supports joint generation and either conditional direction.
Tokenizing depth in pixel space further lets the model learn from sparse, real-world depth
supervision.

8.3.1 Problem Definition

We unify three generation tasks under a single model: joint image and depth generation,
depth to image, and image to depth. Let ¢ denote a text prompt, x € R#>*W>3 an RGB
image, and d € R¥*W a depth map. We learn a joint generator

po(x,d | c) (8.1)

from a set of (c,x, d) triples. A single model py then supports three tasks during inference:

(x,d) ~ py(x,d | c) Joint RGB-D generation (8.2)
d ~ py(d | x,c) Image-to-depth (I12D) (8.3)
x ~ pp(x | d,c) Depth-to-image (D2I) (8.4)
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Figure 8.3: Modality Forcing is a recipe to post-train image-generation models for depth
prediction. We encode RGB using a pre-trained VAE and depth using a per-pixel tokenizer.
During training (a), each modality is independently noised and trained with separate losses.
At inference (b), each modality’s noise level can be controlled to yield image—depth,
depth—1image, or joint generation.

Preliminaries. Diffusion models are an expressive class of generative models for high-
quality generation. We discuss flow-matching with v-prediction [184] and x-prediction [164].
Let xo ~ ¢(x) denote a clean data distribution and € ~ N(0,I) Gaussian noise. We
interpolate linearly between the two with a scalar ¢ € [0, 1] to create training samples,

x; = (1 —t)xo + te, (8.5)

so that x is clean and x; is pure noise. The constant velocity along this path is v = xy — €.
With v-prediction we parameterize the output as the velocity and regress a network gg(x;, t)
directly:

Luprea = E[lgo(x,) = vI[3]- (8.6)

Recent work has shown that v-prediction can struggle in high-dimensional spaces [164],
instead suggesting to parameterize the output as the clean sample, X = go(x;,t). The
implied velocity v = (%o — x;)/t is regressed to v:

Lyped = E [|| (g0 (e, t) — %,) /1 — vHﬂ . (8.7)

This is well-conditioned when the data lies on a low-dimensional manifold (such as natural
images or depth maps). Both methods sample the learned vector field from¢ =1tot =0
with an ODE solver.

8.3.2 Modality Forcing

We introduce Modality Forcing, a diffusion algorithm with per-modality noise levels. As-
signing separate noise levels allows conditional and joint generation in any permutation:
an image with no noise conditions, while a full noise image is a generation target. Several
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methods use this idea, but differ in the axis along which the noise varies. Teacher Forc-
ing [352] runs along sequence position, holding past tokens clean while denoising the next.
Diffusion Forcing [36] varies noise level per token. Latent Forcing [8] denoises DINO [225]
latents ahead of raw pixels. Modality Forcing extends this idea to the axis of modality:
RGB and depth carry their own noise levels within a diffusion process, so that fixing a
modality at ¢ = 0 makes it conditioning. The schedule alone selects joint, image-to-depth,
or depth-to-image generation.

We post-train existing T2I models to support all sampling schemes. During training,
we sample per-modality noise levels in three different ways to support our three generation
tasks. Joint RGB-D generation samples g, tdeph € [0, 1]; 12D fixes trep = 0 and samples
taeph € [0, 1]; and D21 samples .o, € [0, 1] and fixes tgepn = 0.

Depth tokenizer. Real-world videos typically only contain sparse depth annotation, since
depth is estimated, e.g., using multi-view stereo (MVS) pipelines. To allow for post-training
on these sparse annotations, we denoise depth directly in pixel space rather than the latent
VAE space. This is in contrast to prior work [30, 143, 165] which tokenizes depth through a
pre-existing or new image VAE, with no obvious mechanism to accommodate partial depth
supervision. We fill missing pixels with isotropic Gaussian noise to signal to the model that
depth is not available at those locations, equivalent to how a fully missing depth map is
encoded.

Per-modality timestep conditioning. Because each modality is denoised at its own noise
level, every token must be modulated by its own timestep. We give RGB and depth separate
timestep embedders: the RGB stream reuses the pre-trained embedder, while depth receives
a freshly initialized one. Since joint and conditional generation couple the two noise levels,
we additionally let each stream’s modulation observe the other modality’s timestep through
a lightweight cross-stream mixing module—one small embedder per direction. We initialize
both to zero, so the embedding begins as an exact identity with no cross-communication and
learns the coupling over training.

Depth detokenizer. The DiT blocks are followed by a depth detokenizer with n layers
of self-attention, followed by a final linear layer that maps the depth tokens back to pixel
space. The extra depth blocks help create depth-specific capacity without disrupting the
RGB stream. We normalize depth supervision by scaling it to have unit mean, followed by
spatial contraction [14] to ensure d € [0, 2].

Initialization. 'We warm-start the depth pathway rather than training it from scratch. We
initialize the depth stream by cloning the pre-trained image-stream weights; the remain-
ing depth-specific modules—the pixel-space tokenizer, the depth timestep embedder, the
detokenizer, and the cross-stream mixers—are initialized from scratch.
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8.3.3 Self-Distillation

T2I models are trained on billions of images; post-training them on millions of less diverse
images may erode the rich prior. To preserve it, we introduce a self-distillation loss that
penalizes the student for drifting from the original T2I checkpoint (similar in spirit to
‘Learning without Forgetting” [174]). At train time, we pass the current noisy RGB through
the frozen T2I model and record its predicted velocity vy,;, then penalize the deviation of
the student’s RGB velocity v:

Edist - ()\hitdepth + )\10(]- - tdepth))HVtZi - V| ’37 (88)

where ||vi;— V|| is the L2 loss between the predicted velocity and the T2I-predicted velocity.
We set A\ > A, so the penalty is strongest at 4.pm, = 1: when depth is fully noised it carries
no information. As depth is denoised toward gepn = 0, it supplies context the T2I model
never sees, so we relax the penalty rather than force agreement with a now-uninformed
teacher.

8.4 Results

We evaluate Modality Forcing across joint and conditional RGB-Depth tasks. First, we train
a suite of T2I models from scratch to study how depth generation scales with T2I model and
training dataset size. Next, we apply Modality Forcing to FLUX.2-klein-9B, and benchmark
it against the best specialist models. Our experiments show that depth quality scales reliably
with T2I model size and data, and that Modality Forcing is competitive with the best depth
models.

8.4.1 Scaling experiment.

We conduct a controlled scaling experiment to answer: does depth performance scale with
T2I capability? We train three T2I models on a large and diverse set of web images at
256 %256 resolution and post-train with Modality Forcing. We evaluate depth performance
across model and training dataset sizes. There should be improvements across both axes if
our hypothesis is true.

Each T2I model is a DiT trained with a flow-matching objective. For each training
pair (x, ¢), we encode the image into a clean latent z, with the frozen FLUX.2 VAE [154].
We sample a timestep ¢t € [0, 1] and add noise to the latent along the linear interpolant
z; = (1 — t) 2o + t € with € ~ N(0,I). The network output gy(z, ¢, c) is parameterized
as a clean-latent prediction z,, and we regress the implied velocity to the true velocity
V=12 — €

Lo = ||(90(z0, 1, ¢) — )/t — V|2 (8.9)

The resulting checkpoints are the starting points for Modality Forcing post-training.

110



Table 8.1: Training data. We train on
twelve real-world and simulated datasets
totaling 17M frames across 58k scenes,
spanning indoor scanning, outdoor driving,
and synthetic rendering.

Dataset # Scenes  # Frames
Argoverse 2 700 108,139
Aria Project Sim 5,022 2,424,158
ARKitScenes 5,041 744,200
Blended MVS 493 113,209
FoundationStereo 40,936 40,936
Hypersim 457 74,519
MegaDepth 113 19,447
Paralle]Domain 1,520 239,840
ScanNet v2 1,200 94,751
TartanAir v2 1,122 8,563,146
Taskonomy 520 4,385,534
Waymo Open 796 159,000
Total 57,920 16,966,879

Table 8.2: Base T2I model sizes used for
scaling experiment, ranging from 370M to
3.3B parameters.

Param Count Token Size FFN Dim Depth

370M 1024 3,072 30
800M 1536 4,608 30
3.3B 3072 9,216 30
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Figure 8.4: Scaling experiments. Depth
accuracy (91, T, bottom) and AbsRel ({,
top) by T2I model size. Each line
represents a T2I pre-training dataset size
(none, 128M, 640M, 1.92B). Training
larger T2I models on more image data
yields better depth performance.

We vary model size from 370M to 3.3B (Table 8.2), and T2I pre-training data size from
zero to 1.92B samples. For depth, we use ~17M training frames, a combination of real
and synthetic images (Table 8.1), and evaluate depth across NYUv2 [273], DIODE [313],

ETH3D [268] and ScanNet [50].

Figure 8.4 shows depth performance across model and pre-training data size. The results
suggest that the performance of Modality Forcing scales with T2I model size and training
data. Larger T2I models and larger training data result in improved depth quality. This
suggests Modality Forcing is a scalable recipe for depth generation. The results show that
T2I pre-training and not just model size enables better depth quality, presenting direct
evidence of the spatial prior present in T2I models.
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Implementation Details The T2I trunk is a flat-token DiT [230] with parallel attention
and MLP branches per block, pre- and post-RMSNorm, grouped-query attention, and
ROPE positional encoding [282]. Latents are produced by a frozen FLUX.2 VAE [154]
and tokenized by a fresh patch embedding; text prompts are encoded by a frozen UMTS5-
XXL [48] into embeddings, and the trunk attends to these text tokens at every block. We use
logit-normal sampling for RGB, and plateau logit-normal sampling for depth, both with a
timestep shift [82] of 1 = 1.1. Additionally, we set pipg = 0.2 and pgy; = 0.2, to focus the
network on the case of a fully denoised image or depth map.

Captioning follows protocols similar to those in SD3 [82] and WAN [320]. Each model
in the family has the same number of layers but a different token size (Table 8.2).

The metrics are averaged across NYUv2 [273], DIODE [313], ETH3D [268] and Scan-
Net [50] datasets and take 256 x 256 center crops. We use the robust affine-invariant
alignment introduced in MoGe-2 [334].

8.4.2 FLUX-Based Modality Forcing

After showing Modality Forcing scales with T2I capability, we now evaluate its performance
when paired with a SoA T2I model. We post-train FLUX.2-klein-9B with the Modality
Forcing recipe and evaluate it on conditional and joint generation tasks. We post-train this
model using the real-world and synthetic depth data shown in Table 8.1. The training recipe
is largely unchanged from Section 8.4.1, only now we apply the self-distillation loss to
retain more of the T2I prior (Section 8.3.3).

Image-to-depth generation We evaluate the monocular depth estimation capability by eval-
uating affine-invariant depth on NYUv2 [273], DIODE [313], ETH3D [268], ScanNet [50]
and KITTI [99]. We evaluate the Modality Forcing recipe against state-of-the-art depth
estimation models. The comparison includes discriminative depth estimators, generative
depth models, and existing joint image-depth generators. Discriminative depth estimators
include the most performant models such as MoGe-2 [334] and Depth Pro [23]. We also
include generative depth estimators such as Pixel-Perfect Depth (PPD) [366]. Finally,
most comparable to Modality Forcing, we directly compare against methods which jointly
generate image and depth such as JointDiT [30].

The results in Table 8.3 suggest that Modality Forcing convincingly outperforms existing
joint image-depth models and generative depth models. We attribute the performance delta
to the scalability of our recipe to real-world depth data, the strong prior from the FLUX.2-
klein-9B backbone, and our post-training recipe. Modality Forcing is competitive even with
the strongest depth models such as PPD [366], Depth Anything V2 [374] and MoGe-2 [334].
Modality Forcing outperforms all prior baselines on NYUv2 [273] and ETH3D [268]. Our
performance on ScanNet [50] is also strong, but confounded by the ScanNet training split in
our data mixture.

Qualitatively, Figure 8.5 shows that the predicted depth is consistent with ground truth.
We find that JointDiT [30] infers predictions that violate geometric constraints such as
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Table 8.3: Affine-invariant depth estimation. Comparison of monocular depth estimation
methods on five benchmarks. The results suggest Modality Forcing outperforms all models
built for joint RGB-Depth generation, and generative depth estimators. Modality Forcing
approaches the performance of the very best depth models such as MoGe-2 [334], scoring
better on NYUv2 [273] and ETH3D [268]. The overall best are underlined, within-type
best are bolded.

NYUV2 [273] KITTI [99] ETH3D [268]  ScanNet [5S0]  DIODE [313]

Method Type Method AbsRel] 61 1 AbsRel] 1 1 AbsRel] ;1 1 AbsRel] ;1 1 AbsRel] §; 1
ZoeDepth [21] 476 973 5.59 95.1 7.27 94.2 - - 7.830  90.9
MASI3R [157] 467  96.7 579  95.1 4.64 970 - - 579 941
Discriminative ~ DA-v2 [374] 416 979 677 943 463 97.2 - - 541 94.6
depth estimation  Depth Pro [23] 367 982 512 968 497 96.4 - - 466 95.6
UniDepth V2 [237] 296  98.6 385 981 295 98.5 - - 4.05 96.5
MoGe-2 [334] 28 986 375 981 280 99.1 - - 314 974
Marigold [143] 488  96.8 9.05 903 490 972 589 952 6.13 94.5
Generative Lotus [109] 431 97.3 8.89  90.1 5.25 96.7  5.01 96.5 6.70  93.8
depth estimation  GeoWizard [88] 489 966 1097 866 @ 6.15 95.3 549 957  6.37 94.0
PPD [366] 382 977 657 951 402 983 404 978 497 956
2D from JointNet [390] 1192 867 1374 813 1263 87.1 1481 81.8 20.02 827
Joint Model UniCon [165] 8.75 91.7 18.67 73.0 877 929 923 91.0 13.57 90.8
JointDiT [30] 512 969 1090 884 532 970 576 963 1022 939
Ours 252 989 537 966 237 993 232 989 335 977

straight lines and vertical walls. We also observe JointDiT’s quantization artifacts for distant
predictions.

Joint Generation Joint image-depth generation is a key capability enabling prompt-
conditioned scene generation for artists, architects and embodied agents. Figure 8.6 shows a
comparison between Modality Forcing and the existing SoA joint image-depth generator
JointDiT [30]. JointDiT produces stunning images, but the depth predictions are not as
robust as the Modality Forcing recipe.

Depth-to-Image Generation (D2I) Depth-to-image generation allows for generating vari-
ous samples from a single depth map, conditioned on a text prompt. This unlocks generating
various scenes with identical layout for embodied Al agents, or assets with identical ge-
ometry but different appearance. We follow the evaluation protocol from JointDiT [30]
and UniCon [165] by evaluating on 6,000 images in the Openlmages dataset with Depth
Anything V2 [374] depth annotations. We conduct two experiments: (1) generate all
6,000 images conditioned on DAv2 depth, and compute the FID vs GT images, (2) com-
pute AbsRel between DAv2(generated images) and DAv2(GT images); this is a proxy for
depth-following.

Table 8.4 shows the results. Modality Forcing generates images with the lowest FID,
considerably better than all the baselines. We find D2I performance does not match Joint-
DiT [30], as our recipe appears to more loosely follow depth instructions for some scenes.
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Figure 8.5: Qualitative image-to-depth generation results. Modality Forcing generates
robust and sharp depth maps yielding plausible 3D point clouds. We find JointDiT [30]
sometimes fails catastrophically, missing structure or misestimating scale. PPD [366]
produces much closer results, but Modality Forcing produces more robust results.

Implementation Details Unlike other T2I models, FLUX.2 uses double-stream layers (an
image and text stream). We append a depth stream for those layers and freeze the RGB
weights for the double stream layers. We train this model at 512 x z variable aspect ratio,
where x < 512.

We use logit-normal sampling for RGB, and plateau logit-normal sampling for depth,
both with a timestep shift of © = 1.1. Additionally, we set pip¢ = 0.2 and pgp; = 0.2, to
focus the network on the case of a fully denoised image or depth map.

We use the robust and optimal alignment solver (ROE) [334], as well as the ensemble
approach documented by Marigold [143] with N = 10. We rerun the joint and generative
models to match the protocols; we copy the discriminative results from the MoGe-2 paper
as they match our protocol.
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Figure 8.6: Qualitative joint image-depth generation results. Modality Forcing samples
RGB and geometry jointly, and proves to produce consistent and compelling point clouds.
JointDiT [30] inherits compelling image generations from FLUX, but struggles with depth.

Table 8.4: Depth-conditioned image generation on 6,000 Openlmages samples.

Openlmages 6K
Method FID] AbsRel]
Readout-Guidance 18.72 23.19
ControlNet 13.68 9.85
UniCon [165] 13.21 9.26
JointDiT [30] 12.62 6.99

Modality Forcing (Ours) 11.41 9.26

8.4.3 Denoising Trajectory Ablations

Modality Forcing allows setting arbitrary per-modality noise levels at inference time, a
flexibility we previously showed enables competitive image-to-depth and depth-to-image
generation. Here we leverage the same mechanism to extend our analysis to partial depth
conditioning and to the model’s behavior across a range of different generation trajectories
(Figure 8.7).

Depth Quality Encoding per-modality timesteps independently allows for arbitrary de-
noising trajectories. We study how RGB and depth generations are affected by various
trajectories through the noise landscape — prioritizing image or depth tokens early on in the
denoising process. We follow Latent Forcing [8] by parameterizing the denoising trajectory
according to f,(t) = #t—l)t’ with t4epm = fa(twn). For @ > 1, we denoise RGB first,
while o € [0, 1) means depth is prioritized first. We sweep o € [27°,25] and complete
inference from the Openlmages 6k prompts. We then compute depth metrics between
MoGe-2 [334] on the generated image and our own generated depth map. The results
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suggest that denoising RGB first yields more consistent depth. This suggests that generating
natively in the latent VAE space may be an easier space to traverse than raw depth pixels,
similar to what was found in Latent Forcing [8].
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(a) Inference-time trajectories studied. (b) Denoising RGB first leads to better depth
prediction.

Figure 8.7: Modality Forcing inference-time analysis. We find that denoising RGB first acts
as a kind of ‘scratch pad’ in latent space, leading to higher-quality depth predictions.

Partial Depth Conditioning In some creative applications, a user may want to control the
conditioning strength between modalities — using a depth map to loosely fix coarse object
pose, or to dictate precise geometry. Arbitrary denoising trajectories enable this partial
conditioning: at every step we set Xaepth = (1 — tdepth)Xcond + tdepn€. Denoising depth earlier
means more of RGB generation happens with clean depth, yielding stronger conditioning.
Figure 8.8 shows that this mechanism effectively controls depth conditioning strength, and
yields compelling and viable results. This simple test-time implementation adds another
capability to the same model.

8.5 Conclusion and Limitations

We present Modality Forcing, a simple post-training recipe that turns a T2I model into a
unified image-depth generator. The central idea is to assign each modality its own timestep
and loss while sharing a single DiT backbone, which enables joint and conditional generation
in any combination. Across controlled scaling experiments, the results suggest that stronger
T2I pre-training transfers to stronger spatial prediction. Our strongest model based on
FLUX.2-klein-9B achieves 12D performance competitive with the very best depth models.
This supports the broader view that web-scale generative image models contain spatial
structure that can be exposed and continues to scale.

The current model also leaves clear directions for improvement in future work. First,
our scaling study is limited to at most 3B parameters and does not derive a full scaling
law. Future work may explore scaling to larger T2I models and study scaling behavior in
greater detail. Second, our experiments use relatively few depth samples, several orders of
magnitude fewer than what is seen during T2I pre-training. Following recent work [326], we
will likely see another leap in performance by scaling up depth data and the T2I backbone to
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Figure 8.8: The denoising trajectory across depth and RGB dictates the strength of modality
conditioning. Denoising more of depth early on means RGB will more rigidly match it.
Here we show that this enables a new level of controllability of depth-conditioned image
generation.

> 9B parameters. Finally, architectural adjustments may further reduce artifacts or enable
prediction of metric depth. With these extensions, we believe Modality Forcing provides
a broad foundation for scalable generation across modalities. Applied to depth, Modality
Forcing competes with the very best specialist models and is shown to continue to scale.

117






Chapter 9

PointZero: 3D Point Track Completion
for Learning Transferable 3D Dynamics

ORIGINALLY APPEARED AS Chapter in Context

Bardienus P. Duisterhof, Kaifeng Thus far we have trained generative priors for static scenes,
Zhang*, Adam Hung*, Bowen

Wen, Stan Birchfield, Yunzhu Li,
Deva Ramanan, and Jeffrey

but humans can reason about dynamics from limited ob-
servations. Prior work learned similar priors from robot
interaction data. Can we pre-train dynamics understand-

Ichnowski.

* Equal contribution. ing without robot data? In PointZero, we propose point
PointZero: 3D Point Track track completion as a pre-training objective for dynam-
Completion for Learning ics understanding. We show that it improves downstream
Transferable 3D Dynamics [75]. robot manipulation tasks. In SOLF, point track completion
Conference on Neural Information provides a focused dynamics objective with obtainable
lggzzessing Systems (NeurIPS), supervision that requires no robot action labels.

World models endow perceptual systems with the ability to predict how scenes evolve under
interaction. They are most beneficial when trained on diverse volumes of data, to instill a
rich prior into downstream applications. Existing methods typically require robot action
labels to learn action-conditioned 3D dynamics, which excludes web video data from the
training pool. We study 3D point track completion as a pre-training objective for learning
transferable 3D dynamics without robot data. Given a single RGB-D observation and sparse
partial 3D trajectories (tracks), we predict future 3D tracks of all observed points. We show
this objective produces a rich 3D dynamics prior, without requiring robot action labels. We
contribute a diverse dataset of 2.9 million synthetic frames spanning deformable, articulated,
and rigid objects, and use it to train PointZero. We show that a flexible and expressive
transformer, PointZero, outperforms prior methods on the same data. We demonstrate
the utility of our pre-training objective by post-training PointZero for two downstream
applications: (1) action-conditioned 3D dynamics prediction and (2) imitation learning.
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Figure 9.1: PointZero proposes 3D point track completion as a pre-training objective for
learning rich 3D dynamics priors. Given one RGB-D image and one or a few point
trajectories (shown in orange), PointZero predicts the future 3D tracks of all observed scene
points. PointZero is a robot-free pre-training objective for instilling 3D dynamics
understanding in world models. Post-trained for dynamics modeling [392] and robot
manipulation [125], it outperforms application-specific baselines.

When fine-tuned to condition on end-effector pose, PointZero outperforms the baselines on
the recent PGND 3D dynamics benchmark. When fine-tuned to predict robot actions and
3D tracks, PointZero outperforms or matches the baselines on 6/7 simulated and real-world
robot manipulation tasks. We furthermore evaluate training PointZero from scratch to isolate
the benefits of our proposed architecture from those of our proposed pre-training objective
and dataset. We release the dataset, checkpoints, and full training recipe.

9.1 Introduction

Humans intuitively anticipate how the world responds to interaction: pulling a drawer,
folding a sock, or sliding a cup. Endowing perception systems with comparable predictive
abilities promises to unlock applications across robotics, simulation, and AR/VR/XR.

Challenges. Learning a generic 3D dynamics model is inherently challenging due to the
vast diversity of physical phenomena, the underobservability of many aspects of physics,
and the difficulty of characterizing the space of all possible interactions. Despite such
challenges, humans readily interact with articulated, rigid, and deformable objects, and
can predict plausible dynamics “zero-shot” before interacting with a particular object of
interest. Prior methods learn robot-action-conditioned 3D dynamics models by fitting a
separate model per scene from hundreds of interactions with the target object [120, 392].
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Even hundreds of interactions may be insufficient to learn complex dynamics from scratch,
motivating pre-training objectives that provide transferable priors over 3D scene dynamics.

Pre-training. Large-scale pre-training on video data has led to dramatic improvements in
data efficiency and generalization capabilities of robot learning systems [355, 397]. However,
most such approaches pre-train 2D visual representations or video prediction models, which
cannot explicitly represent metric 3D scene motion.

Recent 3D world models have begun scaling dynamics prediction in 3D, but rely on
robot interaction data with action labels [121]. Requiring robot action labels makes data
collection considerably more expensive and excludes the vast amount of available web video.
This raises the question, can we learn 3D dynamics priors without action annotations?

3D Point Track Completion. We propose 3D point track completion (Figure 9.1) as a
robot-free training objective for learning transferable 3D dynamics. Given a single RGB-D
observation and 3D point trajectories for a few sparse points, we predict the 3D point
tracks of all observed points. Three properties make the objective scalable. Robot-free
supervision: The labels and conditioning features are both just 3D point tracks, available
from simulation and in principle from any video via point tracking [140, 141]. No robot-
or embodiment-specific annotations are needed. Task-agnostic supervision: As with other
dynamics-modeling objectives, training examples need not correspond to successful task
completions. Arbitrary play data or free-form interactions with objects can all provide
useful supervision. Flexible representation: 3D point tracks can represent arbitrary objects,
including those with high-dimensional state such as cloth.

Post-training. We study the utility of our pre-training objective by post-training pre-
trained models for two practical applications. First, we adapt the model to condition on
robot pose instead of partial point tracks, and train it on scene-specific action-conditioned
dynamics modeling using the PGND benchmark [392]. Second, we adapt PointZero for
robot manipulation by adding a small head to predict robot actions and supervise with robot
manipulation demonstrations.

Zero-shot generalization. We further evaluate whether PointZero learns a generalizable
dynamics prior by testing the model’s zero-shot capabilities. PointZero’s architecture
consistently outperforms other 3D dynamics-modeling architectures when all methods are
trained on our synthetic dataset and evaluated zero-shot on PGND scenes [392] and on a
custom test set of unseen real-world objects.
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Contributions.

* Problem formulation: We introduce 3D point track completion as a flexible and transfer-
able pre-training objective for learning arbitrary 3D dynamics without requiring action
labels.

* Performant task transfer: When post-trained for action-conditioned dynamics modeling
and robot manipulation, PointZero outperforms strong application-specific baselines and
training the PointZero architecture from scratch. This suggests that our pre-trained model
learns broadly useful 3D dynamics priors that transfer effectively to robotic applications.

* Dataset: We release a diverse 4D synthetic dataset with dense per-point trajectory annota-
tions spanning deformable, articulated, and rigid object interactions. We also release the
training and inference code for pre- and post-training, as well as pre-trained checkpoints.

9.2 Related Work

Scene-specific Dynamics Models. A common problem setting in prior work is to fit a
dynamics model to interaction data collected in a specific scene. Methods grounded in
physics such as mass-spring systems [134, 189], the Finite Element Method (FEM) [97],
Position-Based Dynamics (PBD) [202], and the Material Point Method (MPM) [166, 285]
perform well only when state estimation and system identification are successful. The
difficulty in properly identifying system parameters under partial observability and noise
has led researchers to explore learning-based approaches. Graph-Based Neural Dynamics
(GBND) [171, 258, 391] has shown great promise in simulating complex, high-dimensional
deformable objects. However, its reliance on manually designed graph topologies and
local message passing limits its applicability across a broader range of objects, particularly
to rigid and articulated objects where dynamics involve abrupt changes and constrained
motion. Several works explored particle-based predictions without relational edges [120,
302, 351, 392] that can learn dynamics models successfully on challenging materials, but
come with a limitation that the methods are only trained on single objects or scenes with
predefined physical parameter types. In contrast, PointZero combines a simple transformer
architecture with a 3D point track completion objective to learn representations that adapt
to scene-specific dynamics in post-training, outperforming these baselines on their own
benchmarks.

Large-scale 3D Representation Learning. Large-scale pre-training has transformed 3D
computer vision, enabling models to generalize across diverse scenes, objects, and view-
points. DUSt3R [335] and follow-up works [68, 144, 325] have substantially advanced
3D reconstruction, while other efforts have improved object pose estimation [348], stereo
matching [349], and scene completion [73].

Dynamics models trained at scale have primarily focused on image next-state prediction,
either in latent [400] or pixel [36] space (e.g., video generation). Scalable 3D dynamics
learning has remained largely unexplored, owing to the scarcity of large 3D temporal
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datasets.

Concurrent with the research presented in this chapter, PointWorld [121] studies scalable
3D dynamics prediction and can model scene dynamics without scene-specific interaction
data or explicit object geometry priors. However, it requires calibrated real-world robot
interaction data to train, which limits scalability. PointZero instead trains on a point track
completion objective, which provides action-like conditioning without requiring any robot
annotations. We imagine future work will leverage diverse sets of data, and we show that
3D data without action annotations is useful.

Pre-training for Robotics. Prior works investigated pre-training visual representations for
downstream manipulation policies. One approach is to learn generic visual features using
self-supervised learning methods such as masked autoencoding [110, 242] or DINO [35],
and then fine-tune on robotics tasks. Rising in popularity is predicting task-conditioned
futures [126, 369, 377] across modalities such as video, DINO, point tracks and depth.
Other methods learn representations through explicit supervision over manipulation-relevant
signals, such as video-language alignment [218], human actions [270], or point trajecto-
ries [125, 350]. These works suggest that structuring representation learning around features
relevant to manipulation can improve downstream policy learning. Our 3D point track
completion objective follows a similar principle: by predicting dense 3D point trajectories,
the model is encouraged to learn representations that capture task-relevant object geometry,
motion, and dynamics. The closest setting to ours is 3PoinTr [125], which uses task-specific
3D point track prediction as pre-training for downstream manipulation; we compare against
3PoinTr and other baselines in our imitation-learning experiments.

9.3 Problem Statement

We introduce the pre-training objective of 3D point track completion.

Point cloud observation. Starting from a single RGB-D observation, we use the RGB
image [ € RT*W>3 depth map D € R¥*W_ foreground mask M € {0, 1}V and
camera intrinsics K € R3*3 to unproject the masked depth into an observed 3D point cloud
Pebs € RN»*3 where N, is the number of foreground pixels.

Partial point track conditioning. We condition the model on a small number of partial
3D trajectories: we select IV, conditioning points over 7' timesteps, represented as A €
RT>*Nex3 'where empirically N, € {1,2,3}.
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Figure 9.2: PointZero architecture overview. PointZero takes in a single RGB-D image and
a small number of complete point tracks, and predicts dense 3D point trajectories.
PointZero can also be fine-tuned to condition on robot pose instead of partial point tracks,
or to output robot action chunks in addition to point track predictions. PointZero combines
a Perceiver-10 [131] architecture with self-attention and cross-attention to encode diverse
dynamics.

Prediction. Given the initial observation P°", visual features extracted from I, and the
conditioning A, PointZero completes point tracks P € RT*"»*3_ with P,; = P and
predicted positions at frames 7 € {2,...,T}.

The point-level formulation provides a unified dynamics representation for arbitrary
object types. The pre-training objective can be used or adapted for several applications,
including partial point track completion: the trained model directly predicts dense point
tracks, given one or more conditioning point tracks. Post-training for action-conditioned
dynamics: replace the partial point track conditioning with robot end-effector pose condi-
tioning. Post-training for robot manipulation: attach a lightweight action prediction head
to the pre-trained representation and supervise it with observation-action pairs from expert
robot demonstrations.

9.4 Methods

We propose PointZero (Figure 9.2), a single-transformer architecture for modeling action-
conditioned 3D dynamics. The model combines (i) point cloud geometry, (ii) action
trajectories, and (iii) visual features into a single diffusion transformer (DiT) that predicts
the target state from noise.
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Point tokens. Given the observed point cloud P°*, we repeat each initial position over the
T — 1 future frames to form 7; € R3™~Y and embed it using a shared MLP Ep, yielding
Xp € RNvxd,

Partial point track tokens. For each time step 7 € {1,..., T} and trajectory index j €
{1,..., N,}, we embed the 3D coordinate A, ; € R* using a shared MLP E,. We inject
positional information using a time embedding ¢;(7) € R?, produced by an MLP from the
scalar 7, and a trajectory-index embedding e, (j) € RY, looked up from a learned table of N,
vectors. The resulting action token is (X4),; = Ea(A,;) + e(7) + e4(j), and we flatten
these tokens into a single action sequence X 4 € R(TNe)xd,

Visual tokens. We extract dense image features using DINOv2 [225], yielding tokens
Foinvo € RUH/MIXIW/14]xd Tg reduce memory, we compress them into Ny visual tokens
using a Perceiver-IO module [131]: starting from learned latent queries Z € RV¥v*4 we
apply L layers of self-attention over Z and cross-attention from Z to Fpo. This produces
Xy = Perceiver(Z, FDINO) e RNvxd,

Diffusion transformer (DiT). We use a diffusion transformer with alternating layers of self-
attention and cross-attention. For each point ¢, the query concatenates the current noisy future
trajectory p; ; € R*@=1) with r;, the initial XYZ position repeated 7' — 1 times, and projects
the result with a shared MLP Eg : R~ — R4, This yields X ,; = Eq(concat(p;, 7)),
with X € RM*%; a learned diffusion-time embedding is added to each query.

The cross-attention keys and values are formed by concatenating the point, action, and
visual embeddings: X = concat(Xp, X4, Xy/) € RWetTNatNy)xd,

9.4.1 Training Objectives

We supervise the full trajectory per point to provide a rich supervision signal. We index
the T = 10 physical frames by 7 € {1, ..., T}, with the initial observation at 7 = 1, and
define the flattened future trajectory p; = flatten(P;5.7) € R3T=Y, where P, € RT*3
denotes the ground-truth trajectory of point i in P. For all losses below, || - ||?, denotes the
coordinate-averaged, temporally weighted squared error defined in Section 9.7.1; losses are
averaged over points and training examples.

Regression. Given the dynamics model gy parameterized by 6, we directly regress the
trajectory

N,
1 p

,Creg = A7 Z ng,i(PObstr[) _szi . (91)
Ny i=1
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Flow matching (v-prediction). For flow matching [184], we sample an isotropic Gaussian
source point pi™ = ¢;, with &; ~ N(0, 0.2*I3r_1)) in normalized coordinates, and interpo-
late between source and target as p;; = (1 — ¢)p;™ + tp; for diffusion time ¢ € [0, 1]. The
target velocity is v = (p; — pis)/(1 —t) = p; — pi. Let P, € RN»*(T=1x3 be the reshaped
tensor corresponding to {pi7t}£\[:”1. We train the model to predict v}:

I.

N,
1 P
Lon = 57 D l90i (P P AL ) =t 9.2)
P =1

JiT-style (x-prediction). Flow matching and diffusion models for image generation are
often applied in learned autoencoder latent spaces, enabling generation in a more compact
and smooth representation [53, 252]. In contrast, Just image Transformers (JiTs) [164]
perform generation directly in pixel space. JiT argues that natural images lie on a low-
dimensional manifold within pixel space, and therefore trains the model to directly predict
the denoised image x.

Similarly, PointZero does not use a low-dimensional VAE to encode 3D flow, and
we hypothesize that the data also lies on a low-dimensional manifold. Accordingly, we
follow JiT and train the model to perform x-prediction: gy outputs the trajectory p; =
go(P;, P A I t);. Following the JiT training objective, we supervise the implied velocity
0; = (p; — pir)/ (1 — t) against the target velocity v}

N, 2

1 g@z( ty ObSJA7I7t) Dig
Lo = — 3 [ 22l Ly 9.3
T N, — 1—1t ! w ©-3)

Following JiT, we clip the denominator 1 — ¢ to a minimum of 0.05 when computing both
target and predicted velocities during training.

9.4.2 Dataset

A major bottleneck for scaling 3D dynamics learning is the absence of standardized datasets
that capture action-conditioned, physically grounded interactions across diverse object types.
Unlike video prediction, 3D dynamics learning requires temporally consistent geometry,
explicit object states, and controllable interventions, making data collection particularly
costly and fragmented across prior work. To this end, we contribute a new synthetic dataset
spanning deformable, articulated, and rigid objects with motions driven by randomized inter-
actions (Figure 9.3). Details regarding our dataset generation are provided in Section 9.7.3.

9.4.3 Post-training Recipes

We study the utility of 3D point track completion as a pre-training objective for downstream
tasks.
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Figure 9.3: We contribute a novel dataset to learn diverse dynamics in simulation and the
real world. The dataset contains 2.9 million synthetic image frames with deformable,
articulated and rigid objects. We also collect a dataset with 14 objects and 124 interactions
in the real world for evaluation of zero-shot sim-to-real transfer.

Post-training on end-effector state. For accurate scene-specific dynamics, we replace the
conditioning on sparse partial point tracks with conditioning on robot end-effector (EEF)
pose. Concretely, we swap the action tokens X 4 for EEF tokens that encode the 6-DoF pose
and gripper state at each timestep, embedded by a new MLP Eggr. We initialize compatible
components from the pre-trained model and fine-tune on the target scene.

Imitation-learning post-training. For policy learning, we remove partial point track
conditioning and add an action head 7, that predicts an EEF trajectory. With point-track su-
pervision, we jointly predict EEF and point trajectories. See Section 9.5.7 and Sections 9.7.4
and 9.7.9 for task-specific recipes.

9.5 Results

9.5.1 Implementation Details

Normalization and augmentations. We normalize each point cloud using the initial-frame
centroid and 99'"-percentile radius, and invert this transformation before evaluating errors
in physical units. We then apply random rotations and Gaussian noise to both the point
clouds and partial point track conditioning points to enhance robustness to noisy real-world
measurements. We also apply visual augmentations to image observations, including random
changes in brightness and contrast, salt-and-pepper noise, and Gaussian noise.

127



Training. We train PointZero on a node of 8 x H100 GPUs for approximately 2 days per
variant. Following JiT [164], we use logit-normal time sampling and additionally set ¢=0
with probability p;—g = 0.2. At test time, both flow matching and JiT use four forward-Euler
updates on a deterministic logit-normal quantile time grid with parameters ¢ = —3 and
o = 1. We adopt a ViT-Base backbone (768 token dimension, 12 heads, 12 layers) with a 3-
layer Perceiver-1O encoder and 4 query tokens in the pre-training checkpoints. Post-training
omits DINO visual conditioning for efficiency.

9.5.2 Baselines

We implement several strong existing learning-based dynamics methods, all trained on
our training dataset with identical augmentations and a prediction horizon of H = 10.
All methods use the same inputs, conditioning signals, output targets, and supervision; in
particular, each baseline is adapted to condition on the same partial point tracks as PointZero.

Graph-Based Neural Dynamics (GBND) [393]: GBND downsamples the point cloud to
100 particles per scene, connects edges based on top-k nearest neighbors (k = 5) to form
a spatial graph, and applies a GNN to predict next-step per-particle velocities. GBND is
rolled out sequentially for longer predictions.

ParticleFormer [120]: ParticleFormer uses the same input as GBND but uses a transformer
for particle encoding and predicted velocity decoding.

Particle-Grid Neural Dynamics (PGND) [392]: PGND uses PointNet [240] and a grid-
based representation to predict next-step particle velocities.

Point Transformer v3 (PTv3) [357]: PTv3 predicts next-step particle motions and per-
forms sequential prediction in a similar way to PGND, but with a transformer architecture.

9.5.3 Evaluation Metrics

Following prior work [120, 392, 393], we evaluate prediction accuracy using the final-
timestep point clouds. Given ground-truth points G and predicted points PP, we report
the mean squared error (MSE), mean distance error (MDE), the bi-directional Chamfer
Distance (CD), and the Earth Mover’s Distance (EMD). Formal definitions of these metrics
are provided in Section 9.7.2.
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Table 9.1: Dynamics prediction errors on held-out samples of our generated synthetic
dataset. All baselines were trained on the proposed dataset. MDE, CD, and EMD are in
centimeters; MSE is in 1072 m?. Bold marks the best result in each column, and
underlining indicates the second-best result.

Deformable Articulated Rigid
Method
MDE | MSE | CD | EMD | MDE | MSE | CD | EMD | MDE | MSE | CD | EMD |
GBND [393] 17.38 6.15 745 1647 11.15 6.46 7.38 11.11 155.72 759.93 93.30 154.44
ParticleFormer [120] 1735 6.15 742 1644 10.86 6.46 7.11 10.83 155.04 760.43 92.76 153.77
PGND [392] 9.01 136 410 786 870 2.13 540 829 67.58 123.79 33.56 64.02
PTv3 357 920 159 391 828 825 231 525 8.00 6197 114.77 29.87 58.57

PointZero-FM-mean-10 359 0.25 155 3.18 240 036 1.77 234 2726 3425 14.17 2541
PointZero-FM-oracle-10 2.80 0.15 124 241 196 025 148 191 1991 18.80 10.39 18.43
PointZero-Regression 408 032 1.74 3.63 385 0.66 257 3.68 32.14 4458 1643 29.78
PointZero-JiT-mean-10  3.62 0.26 156 322 236 037 170 230 28.06 39.25 14.65 26.35
PointZero-JiT-oracle-10 2.85 0.16 126 247 195 024 144 189 1946 17.89 10.30 17.99

9.5.4 Synthetic Evaluation

We evaluate on held-out samples of our training dataset: approximately 32k scenes across
all object categories. We also provide ablations over model and data size in Section 9.7.5.

Comparison against baselines. Table 9.1 shows that every PointZero variant outperforms
every baseline on every metric and object category. This suggests that a flexible but
expressive transformer, generating entire motion sequences, is highly performant for learning
diverse dynamics.

Training objectives. Generative models are capable of modeling arbitrary distributions
given incomplete observations. We generate ten seeded predictions and report the lowest
error independently for each scene and metric. This is a ground-truth oracle. The generative
objectives, FM and JiT, outperform the regression variant, suggesting that they capture a
multimodal distribution over plausible point trajectories. More comprehensive statistics and
analysis are available in Section 9.7.6.

In our experiments, JiT does not consistently outperform flow matching (PointZero-FM)
when both models are trained for sufficiently long.

9.5.5 Real-World Zero-shot Partial Point Track
Completion

We evaluate zero-shot generalization to real-world objects: methods are trained only on our
simulation dataset and tested on novel real-world scenes without fine-tuning.
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Figure 9.4: Real-world qualitative 3D point track completion evaluation. All methods are
trained with identical inputs and conditioning, and with identical data. We find GBND often
predicts zero motion, while PTv3 and PGND struggle to recover rigid (articulated) motions.

Data collection. 'We collect 124 interactions across 14 objects: 6 articulated, 5 deformable,
and 3 rigid objects, where a human operator manipulates each object. We obtain action and
point-track trajectory labels using FoundationStereo [349] and CoTracker3 [140]. To obtain
action labels, we manually annotate one human-object contact point per human hand in the
first frame and forward-propagate the trajectories.

Analysis. We display qualitative results in Figure 9.4. Compared to baselines, PointZero
excels at adhering to the input trajectory actions (orange arrows) it is conditioned on.
PointZero point track completions are also more faithful to object-specific physical structure,
with better preservation of cloth surface area and less deformation of rigid bodies. Table 9.9
shows that both FM and JiT outperform all baselines on 11 of 12 real-world metrics;
PTv3 wins on rigid-object MSE. This suggests that for learning diverse dynamics, simple
transformer architectures beat networks with inductive biases such as spatial grids [392].
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Table 9.2: Dynamics prediction errors on the PGND benchmark [392] (centimeters). The
PGND method is trained only on scene-specific interactions. We evaluate PointZero both
trained from scratch on the scene-specific interactions (PointZero-Scratch), and also
fine-tuned (PointZero-FT) on the scene-specific interactions from the pre-trained
checkpoint. Both PointZero rows report a per-scene, per-metric best-of-10 oracle
(Section 9.5.6). Bold marks the best result in each column.

Method Bread Paperbag Cloth Box Rope Sloth
MDE| CD| EMD| MDE| CD}| EMD| MDE| CD| EMD| MDE| CD| EMD| MDE| CD| EMD| MDE| CD| EMD|
GBND [391] 31 31 16 30 42 16 77 83 35 45 62 32 62 73 36 78 64 32
PGND [392] 20 18 1.0 1.6 21 09 45 43 22 22 15 16 39 38 21 43 33 17
PointZero-Scratch 42 39 19 42 44 19 56 47 21 37 39 21 93 108 50 73 59 28
PointZero-FT 1.5 11 06 1.6 20 08 40 34 15 24 27 14 33 33 16 39 30 15

9.5.6 Post-training: Robot-Conditioned 3D Dynamics
Prediction

3D point track completion is an incomplete approximation of contact-rich real-world dy-
namics, as is common in robot manipulation. We post-train PointZero (Section 9.4.3) to
predict 3D dynamics conditioned on robot end-effector state, and study the performance
of its pre-trained spatial prior. We evaluate PointZero on the six-scene benchmark from
PGND [392] and compare against strong application-specific baselines. For each scene, we
post-train a separate instance of PointZero using the same training set used to train the PGND
baseline. We post-train with the JiT objective and LoRA. We also train PointZero-Scratch
with the same objective, random initialization, and all parameters trainable. The results
in Table 9.2 suggest two things: (1) PointZero convincingly outperforms state-of-the-art
baselines on 4/6 scenes, and (2) pre-training is critical to its strong predictions.

We additionally evaluate PointZero in a zero-shot setting on the PGND benchmark.
It achieves competitive performance with scene-specific baselines, despite never having
interacted with the objects. We provide these results and additional details in Section 9.7.8.

9.5.7 Post-training: Imitation Learning for Robot
Manipulation

We test whether the trained representation effectively adapts to robot manipulation using
the experimental evaluation protocol from 3PoinTr [125]. We independently post-train
PointZero to predict robot actions in three simulation tasks and four real-world tasks. For
each task, we use 20 expert demonstrations with robot action labels, and 100 additional
videos of expert demonstrations without any action labels. We provide details about the
tasks and policy-training setup in Section 9.7.9.
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Table 9.3: Imitation learning success (%). Table 9.4: Pre-training with downstream

PointZero uses 20 labeled demos and 100 track supervision. Success (%); 20 demos,
actionless videos per task. no extra videos.

Task 3PoinTr DP3 DP ATM PointZero Recipe Blockstack Microwave Glass Avg.
Simulation Scratch 93.5 81.4 66.6 80.5
Blockstack 909 444 454 400 99.8 Pre-trained 93.2 919 79.5 88.2
Microwave 80.8 314 320 304 93.1 . . .

Glass 952 749 575 3.9 959 1able 9.5: Pre-training without

downstream track supervision. Success

Real-world (%); 20 demos, no extra videos.

Drawer 90.0 70.0 - 30.0 100.0

Cup 100.0 80.0 - 300 100.0 ) ;

Paper 90.0 100 _ 0.0 70.0 Recipe Blockstack Microwave Glass Avg.

Sock 90.0 20.0 - 00 90.0 Scratch 83.8 89.5 49.1 741
Pre-trained 85.2 90.1 64.6 80.0

Baselines. DP3 [386] and Diffusion Policy [45] are performant behavior cloning methods
that encode observations and then use conditional diffusion models to generate action chunks.
3PoinTr [125] and ATM [350] pre-train point-track prediction models from videos, and
then condition policies on the point-track predictions.

Analysis. PointZero achieves the highest or joint-highest success rate on six of seven
manipulation tasks (Table 9.3). Using only 20 action-labeled demonstrations per simulation
task and no additional actionless videos, pre-training increases average success from 80.5%
to 88.2% with auxiliary point-track supervision (Table 9.4); without it, the pre-trained
recipe achieves 80.0% versus 74.1% from scratch (Table 9.5). The latter recipe freezes the
pre-trained point-processing stream, whereas Scratch trains the full model (Section 9.7.4).
Both comparisons use 1,000 rollouts per simulation task; bold entries mark the better
variant. The results suggest that 3D point track completion as a pre-training objective
helps downstream imitation learning applications. In particular, the isolated pre-training
experiments in Table 9.4 and Table 9.5 suggest 3D point-track completion directly improves
performance.

9.6 Conclusion

We present PointZero, a 3D dynamics model trained to do 3D point track completion: given
a single RGB-D observation and a small number of sparse point trajectories, the model
predicts dense future 3D tracks for all observed points. This objective provides a scalable
way to learn dynamics priors without requiring embodiment-specific annotations, using a
metric point representation that can represent deformable, articulated, and rigid objects.
Across synthetic and real-world evaluations, PointZero substantially improves dense
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point-track completion over adapted 3D dynamics baselines. More importantly, the learned
representation transfers effectively to downstream tasks: after post-training, PointZero
improves scene-specific action-conditioned dynamics prediction and achieves strong perfor-
mance on robot manipulation tasks. These results suggest that 3D point track completion can
serve as a useful bridge between scalable robot-free dynamics pre-training and downstream
embodied intelligence applications.

Limitations and Future Work. PointZero remains limited by the coverage and realism
of its pre-training data. Although our synthetic dataset spans several object classes, it does
not capture the full diversity of real-world materials, contact-rich hand-object interactions,
cluttered scenes, or long-horizon dynamics. Future work should augment simulation with
pseudo-annotations from real-world videos using 3D reconstruction and point tracking
methods. PointZero also uses relatively simple conditioning signals: partial point tracks
during pre-training and end-effector pose during action-conditioned post-training. Richer
interaction representations, such as contact locations and forces, may further improve
accuracy. Finally, our downstream evaluations remain task-specific and relatively small-
scale; future work should study multi-scene and multi-task transfer across a broader range
of applications.

9.7 Supplementary Details

9.7.1 Training Loss Weighting

We give more weight to later timesteps to emphasize longer-horizon predictions, where
uncertainty is greater. For future frames 7 € {2,..., T}, we use ||u;||2 = s Sor_o[0.1+

3(T—1)
0.9((1 = 1)/T)*|uir|[3-

9.7.2 Dynamics Prediction Evaluation Metrics

The definitions below apply to PointZero’s corresponding, equal-cardinality final-frame
point sets; I1( P, G) denotes permutation matrices.
Mean Squared Error (MSE):

Luise(P.G) Z 1P = Gill5. 9.4)

Mean Distance Error (MDE):

Lypi(P, G) Z 1P = G|z 9.5)
Bi-Directional Chamfer Distance (CD):
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1 ) 1 .
Lep(P,G) = Q_NPI;I’%%] ||p— 9”2 + TM;%&} ”9 —p||2. (9.6)
g

Earth Mover’s Distance (EMD):

N, N,
' 1 p Np
EEMD(P, G) = ﬂellzll(IIID}G) Fp ; ]Zl 7szHR - Gj”g. 9.7)

For the PGND benchmark, EMD is computed using more points than the other metrics,
which can yield lower reported distances.

9.7.3 Dataset Generation Details

Our dataset comprises deformable, articulated, and rigid object interactions. For all datasets,
we randomize camera location and intrinsics and use a single-view RGB-D observation.
This models the partial visibility and various viewpoints encountered in the real world.

Deformables. We follow prior work [185] to achieve procedural cloth generation.

* Mesh Generation: We generate towels, t-shirts and shorts meshes. We randomize both
the scale and the proportions.

* Physics: We use NVIDIA FleX [202] to model deformable physics. We apply one or
two action trajectories to the cloth, modeling interactions such as fold, lift, drop, or push.
Concretely, given constraints on location of action points, we solve for the location of
all other points that would produce static equilibrium. To enhance motion diversity, we
randomize physics parameters such as stiffness and drag.

* Appearance: We render the scenes with Blender, with random cloth and background
textures from PolyHaven [238].

Articulated Objects We use the PartNet-Mobility dataset [360] to retrieve articulated
objects, and place them in Genesis [6] for simulating motion. We randomly pick a revolute
or prismatic joint to articulate, and set a random configuration in its viable range to produce
static equilibrium. This alone may result in an invisible articulation, or very small motions.
To address this issue, we reject samples where the 2D optical flow of the sequence is small
using privileged information in simulation.

Rigid Objects Finally, we aim to instill an understanding of rigid body dynamics and
collision into PointZero. We modify the Kubric engine [100] to include ground-truth 3D
trajectories and fewer objects (up to 3 instead of 23 objects).
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Sampling Action Trajectories For partial point trajectory completion training, we automate
the extraction of partial point trajectories. For deformable objects, we save the action
trajectories that were used as kinematic constraints in NVIDIA FleX [202] to be used as
training input. For articulated and rigid bodies, we pick 3D point tracks from the k largest
displacements.

Dataset Mixing. The recorded training weights are 0.33 each for shorts, T-shirts, and
towels, 1.0 for articulated objects, and 0.33 for rigid objects, giving category probabilities
of approximately 42.67%, 43.10%, and 14.22%, respectively. This gives an approximate
category ratio of 3 : 3 : 1, reflecting our emphasis on learning more complex non-rigid and
articulated dynamics while still exposing the model to rigid-body motion and collisions.

9.7.4 Additional Manipulation Comparisons

Tables 9.4 and 9.5 report the pre-training ablations using only 20 demonstrations per
simulation task, with no additional actionless videos. In Table 9.4, PointZero initializes
from JiT pre-training and scratch initializes randomly; both train all parameters with point-
trajectory regression and an {5 ; action loss, using a separate action branch with learned
queries. In Table 9.5, both use only the action loss; PointZero keeps its pre-trained point-
processing stream fixed while training the remaining parameters, whereas scratch trains
the full model. With downstream track supervision, pre-training improves two tasks and
the average (80.5% to 88.2%), while Blockstack changes from 93.5% to 93.2%. Under
this protocol, Diffusion Policy [45] and DP3 [386] achieve average success rates of 45.0%
and 50.2%, respectively; their per-task results are listed in Table 9.3. Without downstream
point-track supervision, pre-trained PointZero outperforms its scratch variant on all three
tasks, with the largest gap on Glass (64.6% vs. 49.1%). DP3 outperforms PointZero without
downstream track supervision on Glass (74.9% vs. 64.6%).

9.7.5 Ablations

We study the impact of the training data fraction and of model size.

Training data fraction. Table 9.6 reports performance on the articulated split of the real-
world set as the pre-training dataset is reduced, with training epochs scaled inversely to hold
the optimization budget comparable. Performance degrades gracefully: reducing the data
to 10% increases MDE from 2.2 to 3.1 cm, and further reduction to 5% yields only a small
additional drop. This suggests the pre-training objective extracts useful dynamics priors
even from a fraction of the dataset, while the full dataset remains clearly beneficial.
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Table 9.6: Data-scaling ablation on the articulated split of the real-world dataset:
performance degrades gracefully as the pre-training dataset is reduced. Error values are in
centimeters; MSE is in cm?. Training epochs are scaled inversely with the data fraction
(250 epochs at 10%, 500 at 5%). Bold marks the best result for each metric.

Data Fraction MDE| MSE| CD] EMDJ]

100% 2.2 121 14 2.0
10% 3.1 496 20 29
5% 3.3 643 20 3.1

Model size. We additionally train a Small variant from scratch (384 token dimensions,
6 heads, 6 layers) with otherwise identical inputs and training data. Table 9.7 reports
performance in the same setting: shrinking the model degrades all metrics substantially,
suggesting that further scaling the Base model could yield additional gains.

Table 9.7: Model-size ablation on the articulated split of the real-world dataset. Small uses
384 token dimensions, 6 heads, and 6 layers (45M parameters) versus the Base
configuration (768 dimensions, 12 heads, 12 layers). Error values are in centimeters; MSE
is in cm?. Bold marks the best result for each metric.

Size MDE| MSE| CD| EMD,

Base 2.2 121 14 2.0
Small 3.1 374 1.8 3.0

9.7.6 Additional Synthetic Data Point Dynamics
Completion Results

In Table 9.8, we expand Table 9.1 with additional evaluations of PointZero-JiT and
PointZero-FM. For each sample, we generate ten predictions using different random noise
initializations. The “-oracle-10” rows select the lowest error separately for each scene and
metric; “-first” uses the first prediction, and “-mean-10" averages scalar errors over all
ten predictions. For “-medoid-10", each corresponding point’s final position is selected
from its ten sampled positions to minimize the summed Euclidean distance to the other
nine, without using ground truth. Different points may come from different samples. The
“-pooled-scalar-median-10” rows take each metric’s median over scene—prediction pairs
within each dataset, then average dataset medians. These distribution summaries are not
directly comparable to mean-error rows.

PointZero-JiT-first outperforms PointZero-Regression on 11 of 12 metrics; the exception
is rigid-object MSE (48.627 versus 44.576 in 1072 m?). Both per-metric best-of-10 oracles
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Table 9.8: Dynamics prediction errors on held-out samples of our generated synthetic
dataset. All baselines were trained on the proposed dataset. MDE, CD, and EMD are in
centimeters; MSE is in 1072 m2. First-sample, mean, pointwise medoid, per-metric oracle,
and pooled scalar median statistics use ten seeded predictions and are defined in

Section 9.7.6. Pooled medians summarize a different statistic from mean errors; no
cross-statistic ranking is applied.

Deformable Articulated Rigid

Method

MDE| MSE| CD| EMD| MDE| MSE| CD| EMD| MDE | MSE| CD| EMD |
GBND [393] 1738  6.15 745 1647 11.15 646 7.38 11.11 15572 759.93 93.30 154.44
ParticleFormer [120] 1735 6.15 742 1644 1086 646 7.11 10.83 155.04 760.43 92.76 153.77
PGND [392] 9.01 136 4.10 7.86 870 2.13 540 829 67.58 123.79 33.56 64.02
PTv3[357) 9.20 1.59 391 828 825 231 525 800 6197 11477 29.87 58.57
PointZero-Regression 408 032 174 3.63 385 0.66 257 3.68 3214 4458 1643 29.78
PointZero-FM-first 360 025 156 3.17 239 035 1.77 233 2897 3879 15.16 27.20
PointZero-FM-mean-10 359 025 155 3.18 240 036 1.77 234 2726 3425 14.17 2541
PointZero-FM-pooled-scalar-median-10  3.21 0.14 130 2.80 1.75 005 147 174 11.65 1.85 7.03 11.27
PointZero-FM-medoid-10 326 021 140 287 223 033 1.65 218 2446 2857 1259 22.74
PointZero-FM-oracle-10 280 0.15 124 241 196 025 148 1091 1991 18.80 10.39 1843
PointZero-JiT-first 365 026 159 324 236 036 1.70 229 3026 48.63 16.03 28.67
PointZero-JiT-mean-10 362 026 156 322 236 037 170 230 28.06 39.25 14.65 26.35
PointZero-JiT-pooled-scalar-median-10 ~ 3.27  0.15 1.31 2.87 1.65 006 137 1.64 1123 186 696 11.01
PointZero-JiT-medoid-10 332 022 142 292 223 033 1.61 217 2493 33.08 12.81 23.32
PointZero-JiT-oracle-10 285 0.16 126 247 195 024 144 1.89 1946 17.89 1030 17.99

outperform regression on all 12 metrics, showing that sampling can produce candidates with
lower reconstruction error.

9.7.7 Real-World Dynamics Prediction Quantitative
Results

In Table 9.9, we report point track completion error metrics for PointZero and baselines
on our real-world dataset. All methods are trained on the same synthetic dataset and
evaluated zero-shot on the unseen real-world objects. Both PointZero-FM and PointZero-JiT
outperform all baselines on 11 of 12 metrics; PTv3 achieves the lowest rigid-object MSE
(11.604 cm?, versus 12.376 cm? for PointZero-JiT).

9.7.8 PGND Zero-shot Evaluation

We train PointZero and several 3D dynamics architecture baselines on point track completion
on the PointZero synthetic dataset. Then, we evaluate the zero-shot performance on the
PGND benchmark. To enable zero-shot predictions without fine-tuning the models to
condition on robot pose, we extract a single object-point trajectory per PGND sample, and
condition on this track.
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Figure 9.5: Visualizations of the simulation and real-world tasks used for imitation learning
evaluation.

Table 9.9: Dynamics prediction errors on the real-world dataset (centimeters; MSE in cm?).
All baselines were trained on the proposed simulation dataset. “-first” rows use a single
sample; PointZero-FM and PointZero-JiT report all metrics of the sample with the lowest
MDE out of 10 (best-of-10). Bold marks the best result in each column, and underlining
indicates the second-best result.

Deformable Articulated Rigid

Method

MDE | MSE | CD | EMD | MDE | MSE | CD | EMD | MDE | MSE | CD | EMD |
GBND 6.179 81.114 4.039 6.069 3.051 24.148 2.089 2912 4.379 34.418 2.085 4.307
ParticleFormer 6.156 80.928 4.022 6.044 3.026 24.009 2.078 2.887 4.367 34.332 2.081 4.296
PGND 3.757 27.054 2.244 3.646 2.828 20.137 1.702 2.666 2.650 13.210 1.212 2.546
PTv3 4.705 35.109 2.975 4.606 4.430 43.665 2.645 4.284 2487 11.604 1.108 2.371
PointZero-FM-first 3.739 28.765 2.293 3.642 2.046 10.152 1.168 1.883 2.711 15.697 1.216 2.542
PointZero-FM 2.923 17.385 1.852 2.827 1.720 8.096 1.031 1.580 2.322 12.484 1.078 2.182

PointZero-Regression 3.643 25.258 2.416 3.584 2.192 11.227 1.322 2.060 2.654 14.647 1.133 2.558
PointZero-JiT-first 3706 32.545 2.294 3.636 2317 12.608 1.338 2.166 2.815 15.969 1.276 2.656
PointZero-JiT 2915 19.162 1.837 2.846 1914 9.670 1.156 1.767 2.398 12.376 1.103 2.238

Results are shown in Table 9.10. PointZero-FM-ZS achieves an average MDE of
approximately 3.8 cm across the six scenes, compared with 5.2 cm for the strongest baseline,
PTv3-ZS, a reduction of approximately 26%.
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Table 9.10: Evaluation of different 3D dynamics architectures on zero-shot predictions on
the PGND benchmark [392]. All methods were trained on synthetic data from the
PointZero dataset, and evaluated on unseen PGND scenes. Errors are in centimeters. Bold
marks the best result in each column.

Method Box Paperbag Cloth Rope Sloth Bread
MDE| CDJ| EMD| MDE| CD] EMD| MDE| CD] EMD| MDE| CD| EMD| MDE| CD| EMD| MDE| CD/) EMD/

PGND-ZS 31 20 30 29 1.7 27 59 30 56 86 51 85 83 31 175 29 13 28
GBND-ZS 25 16 24 37 22 36 89 45 87 130 88 129 11.1 48 103 33 16 33
ParticleFormer-ZS 25 16 24 37 21 36 89 45 87 130 88 129 11.1 48 103 33 16 33
PTv3-ZS 34 20 33 39 22 37 72 36 69 77 49 76 63 25 52 26 12 25
PointZero-FM-ZS 22 14 21 27 16 25 51 25 49 54 35 53 56 23 49 19 09 18
PointZero-Regression-ZS 2.5 1.6 2.3 28 1.7 27 49 25 47 59 36 58 63 25 55 24 1.1 24
PointZero-JiT-ZS 23 15 21 27 16 25 47 24 44 58 38 58 6.1 26 55 21 10 20

9.7.9 Imitation Learning Experimental Setup

Following 3PoinTr [125], we evaluate on three simulation tasks: (1) stacking blocks, (2)
opening a microwave, and (3) righting a fallen glass. We also evaluate on four real-world
tasks: (1) opening a drawer, (2) righting a fallen glass, (3) picking up a crumpled piece of
paper and placing it in the trash, and (4) folding a sock in half. The position and orientation
of the objects are varied across trials, and the same initial configurations are used across all
methods. Figure 9.5 shows images of all the tasks.
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Chapter 10

3PoinTr: 3D Point Tracks for Learning
Manipulation from Unconstrained
Human Videos

ORIGINALLY APPEARED AS Chapter in Context

Adam Hung, Bardienus Pieter
Duisterhof, and Jeffrey Ichnowski.
3PoinTr: 3D Point Tracks for

Recent methods have shown that predicting the future in
RGB images can be a powerful objective for robot learning.

. . . In 3PoinTr, I explore the alternative representation of 3D
Learning Manipulation from ) . ) ]
Unconstrained Human point tracks. I condition a closed-loop policy on a single
Videos [125]. 3D point track ‘plan’ per episode. This, and other design
arXiv:2603.08485, 2026. decisions, turn out to be crucial to the success of 3PoinTr.
This tests whether focused motion plans remain sufficient
for closed-loop control, linking two SOLF goals.

Learning manipulation policies from human videos could greatly reduce the need for expen-
sive robot demonstrations, but existing approaches typically require restrictive assumptions
such as choreographed human motions, predefined keypoints, manual annotations, or known
grasp locations. We propose 3PoinTr, a method for pre-training sample-efficient robot
policies from unconstrained human videos by predicting dense 3D point tracks. In the
unconstrained human demonstration videos, humans are free to follow whatever trajectories
and manipulation strategies they see fit, rather than choreographing their motions to mimic
a robot. 3PoinTr uses a lightweight visibility-aware transformer to learn how scene points
should move from human videos, and then trains a closed-loop multitask robot policy to
flexibly extract action-relevant priors from those predicted point tracks. With only 20 action-
labeled robot demonstrations, 3PoinTr achieves a 25.0 percentage point higher average
success rate than the strongest behavior cloning and video-pre-training baselines on real-
world tasks, and a 29.6 percentage point higher average success rate in simulation. Targeted
ablations support the key design choices and confirm the benefit of learning from actionless
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videos. We further show that 3PoinTr’s point track prediction transformer outperforms a
strong baseline by preserving supervision over partially occluded points. Project page:

10.1 Introduction

Autonomous robots could take on dangerous, tedious, and high-value tasks, but such systems
must be able to generalize across diverse tasks, objects, and settings. A typical approach
is to train robots from expert teleoperated robot demonstrations [128, 226], but these
demonstrations are expensive to collect. Human videos are cheap to record and abundantly
available on the internet with large diversity. Such videos encode the rich physical and
behavioral knowledge that robots must acquire to perform tasks, and thus a central question
is how to extract these priors from human videos for robot learning.

Efficiently extracting these priors is challenging due to the embodiment gap: humans
have very different kinematics from parallel-jaw gripper robot setups. As a result, videos
of humans performing tasks often exhibit manipulation strategies and motions that are
infeasible, inefficient, or even dangerous for robots. Furthermore, while 3D methods better
capture the scene geometry and align with the robot’s 3D action space, existing 3D methods
rely on carefully curated human demonstrations to limit the embodiment gap. Overcoming
these challenges would help unlock learning from human videos at scale, with the potential
to dramatically lower the cost of teaching robots new manipulation tasks.

We propose 3PoinTr (Figure 10.1), a method for learning manipulation policies from
unconstrained human videos. Unconstrained means that the human can act freely and
naturally rather than mimicking target robot kinematics. 3PoinTr takes in a point cloud of
the scene, and answers the question: how will the 3D scene evolve when completing this
task? 3PoinTr predicts these 3D point tracks using a lightweight transformer, and trains a
policy conditioned on the tracks. We show that several key design choices make this a robust
recipe even with a large embodiment gap. As a result, when trained with 20 action-labeled
robot demonstrations per task, 3PoinTr outperforms the baselines with a 25.0 percentage
point higher average success rate on our real-world tasks and a 29.6 percentage point higher
average success rate in simulation.

3PoinTr uses a Perceiver-10 [131] architecture to compress the dense point tracks into
a compact set of point-track tokens that serve as a static open-loop plan for the task. A
closed-loop policy then re-queries on the current observation at each control step, providing
reactivity while remaining anchored to the open-loop plan. Instead of imposing biases
such as human-to-robot keypoint mappings or object-specific features, learned queries
autonomously discover task-relevant features, enabling sample-efficient policy learning.

Prior work has explored representations based on point tracks (also known as flow and
scene flow) [20, 49, 61, 78, 106, 121, 159, 248, 350, 367, 382, 399], and recent point-
tracking foundation models [139] have enabled autonomous extraction of point tracks from
videos [121]. Many of these works rely on carefully collected videos where the human
demonstrator’s arm must closely mimic robot kinematics, often involving forming a claw
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Figure 10.1: 3PoinTr learns manipulation from unconstrained human videos: videos where
the human demonstrator can act freely rather than mimicking target robot kinematics.
3PoinTr first predicts dense 3D point tracks — how the scene should move to complete the
task — and then conditions a closed-loop multitask policy on these tracks. 3PoinTr
outperforms strong behavior cloning and learning-from-video baselines across simulated
and real-world evaluations.

shape with their hands to imitate a parallel-jaw robot gripper. Additionally, most methods
remain 2D, even though 3D state representations have been shown to improve sample
efficiency [386, 404]. The few methods that use 3D point tracks [106, 382] cannot learn from
unconstrained videos, and often require additional biases such as manual annotations [382],
predefined keypoints [106], or goal-image conditioning [20]. Instead of constraining the
human demonstrator, 3PoinTr predicts 3D point tracks of the scene with the embodiment
points removed and autonomously extracts action-relevant priors from these tracks, leaving
the human free to use any grasp, hand pose, or trajectory natural to them.
This chapter contributes:

* The first method for learning closed-loop robot policies from unconstrained human videos
using dense 3D point tracks as an intermediate representation.

* A state-of-the-art track-conditioned policy architecture that compresses predicted point
tracks into compact point track tokens and injects them through both global conditioning
and per-block residual conditioning in the action head, enabling sample-efficient policy
learning. We ablate the crucial design choices.

* A simple visibility-aware transformer for predicting dense 3D point tracks, which outper-
forms a strong baseline [382] under two 3D displacement-based metrics on our real-world
data.
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10.2 Related Work

3PoinTr builds on prior work on behavior cloning and learning from videos.

Behavior cloning. Behavior cloning succeeds across a wide variety of real-world tasks [45,
396], but requires substantial teleoperated data to achieve robustness. Structured represen-
tations such as point clouds [386, 404] or keypoints [314] can improve sample efficiency,
but still must learn to map observations to actions from limited robot demonstrations. Con-
versely, 3PoinTr improves sample efficiency by first predicting 3D point tracks from ample
video data. These 3D point tracks encode rich priors about task specification and scene
dynamics.

Learning from videos. Actionless videos are easy to collect and encode useful task struc-
ture. Prior work uses them for visual pre-training [218], reward learning [385], affordance
extraction [10, 37], and conditioning robot policies on predicted or latent video dynam-
ics [175, 227]. However, these methods are sensitive to visual perturbations, and they
typically learn human-centric features from human videos which do not necessarily transfer
well to learning robot policies. 3PoinTr instead learns a 3D point track representation that
is aligned with 3D robot actions, agnostic to appearance changes, and flexibly learns from
off-embodiment demonstrations.

Point track representations for robot learning. Point tracks provide a natural bridge
between actionless videos and robot policies, encoding scene motion in an interpretable,
spatially grounded form. Prior work on using point tracks for learning manipulation from
videos differs along three axes: (1) what is assumed of the human video, (2) how the
predicted tracks drive the policy, and (3) 2D vs. 3D point tracks.

On the first axis, some methods retarget predicted human hand keypoints directly to the
robot end-effector [106, 248]; this requires choreographed videos in which the demonstrator
precisely follows the target robot motion under a fixed human-to-robot keypoint mapping.
Other methods predict dense tracks of all points [49, 350], which implicitly assumes that
human motion closely aligns with robot motion; otherwise, embodiment point tracks induce
distribution mismatch between human and robot motion. Im2Flow2Act [367] and General
Flow [382] circumvent this assumption by predicting object-only tracks, but Im2Flow2Act
requires a large robot play dataset in a digital twin, and General Flow relies on manual
annotations and a predefined grasp. 3PoinTr makes no such assumptions about the video
data: it predicts dense 3D point tracks over all non-embodiment points, and our proposed
architecture autonomously discovers which aspects of the predicted motion are action-
relevant.

On the second axis, retargeting and heuristic-execution methods [106, 248, 382] predict
open-loop point tracks and execute them directly; this approach lacks reactivity to execution-
time error or perturbation. Track-conditioned policies [49, 350] and model-based planning
methods [61, 121, 159, 399] that re-predict tracks at every control step regain closed-loop
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Figure 10.2: Diagram of the 3PoinTr network architecture. Given an initial point cloud, a
transformer predicts dense 3D point tracks describing how objects should evolve during the
task. A Perceiver-1O point track encoder compresses these tracks into a small set of learned
point track tokens. The policy conditions on these point track tokens together with the
current point cloud and robot state, enabling closed-loop action prediction. Beyond global
conditioning, residual track-token cross-attention in every U-Net block gives the action
head a direct path to the predicted object motion, encouraging a simpler mapping from
point tracks to robot actions.

reactivity, but their track predictions suffer from human-to-robot distribution shift, and
any temporarily occluded points are excluded from the conditioning. 3PoinTr instead
predicts point tracks open-loop and uses the predictions to condition a closed-loop policy,
maintaining reactivity while avoiding distribution shift and occlusion issues. The closest
prior work is Im2Flow2Act [367], which similarly pairs an open-loop track predictor with a
closed-loop policy. However, in addition to the simulation requirements discussed above, it
also requires execution-time object segmentation and point tracking, reintroducing potential
occlusion issues.

On the third axis, most point-track-based methods are 2D, while a few extend to 3D [106,
382] and report improved sample efficiency. But as discussed previously, General Flow [382],
Point Policy [106], and similar methods cannot learn from unconstrained human videos.

10.3 Method

3PoinTr (Figure 10.2) consists of two stages: (1) learning a model that predicts dense future
3D point trajectories from a single scene observation, and (2) learning a closed-loop policy
conditioned on these predicted point tracks.
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10.3.1 Problem Formulation

Stage 1: 3D point track prediction. First, given an initial point cloud P, € RY*3 of
N visible scene points expressed in the camera coordinate frame with all embodiment
points removed, the goal is to predict 3D point tracks: the future 3D positions of each
initial point over a fixed horizon of 7" timesteps. Formally, we learn fy : Fy — X, where
X ={X}|ie[0,N),te[0,T)} € RV*T*3 with each X* € RT*3 corresponding to a
prediction for the ¢-th point in /4 over 7' time steps.

Stage 2: Track-conditioned policy learning. Given the predicted 3D point tracks X
together with a current observation o, = (P, ¢;), where P, € RY>3 is the visible scene point
cloud at timestep ¢ (with embodiment points removed) and ¢; is the robot configuration,
we train a closed-loop behavior-cloning policy that predicts a short chunk of H actions.
Formally, we learn 74 : (X, 0;) — A, where A € R7*P4 ig a chunk of H actions of D4
dimensions each. The point tracks X are produced once from the initial observation F and
reused throughout the episode, while o, provides the closed-loop signal: after executing the
first Hoxee < H predicted actions the policy is queried again on the updated o;.

10.3.2 Network architecture and training

3D point track prediction. We embed visible non-embodiment points with an MLP and
pass the resulting tokens through a transformer with standard self-attention. A linear
prediction head then outputs each point’s 3D trajectory over horizon 7T, yielding point tracks
X e RN ><T><3.

During training, we subsample a fixed number of random input points from the initial
point cloud, and apply per-sample unit-sphere normalization. We assume access to visibility
values m! € {0, 1}, indicating whether point i is visible at timestep t. We mask losses by
m¢, and use an L1 loss on 3D position error for all visible point-timestep pairs.

Track-conditioned policy learning. During policy training, we freeze the 3D point-track
predictor. Given the first frame of a task, we generate point-track predictions, and then
extract compact yet informative point-track tokens with a Perceiver-10 architecture [131]:
each predicted point trajectory X is first embedded into a 3D point-track token £ € RPF,
giving F' € RY*Pr and a small set of M learnable query tokens Q € RM*Pr attends to I
via cross-attention.

Because the policy is closed-loop, we condition it on the current point cloud P; and
current robot configuration ¢, in addition to the open-loop track tokens. We use a PointNet-
style encoder following DP3 [386] to encode F;, and a small MLP to encode ¢;. The
point-track, point-cloud, and configuration features are concatenated and projected into a
global conditioning vector that drives a flow-matching action head built on the conditional
1D U-Net architecture of Chi et al. [45].
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Figure 10.3: Simulation and real-world tasks used for evaluation. Simulation tasks use
procedurally generated robot trajectories for both video pre-training and policy learning;
real-world tasks use unconstrained human videos for video pre-training and robot
teleoperation data for policy learning. Green tracks show 2D projections of the 3D
point-track prediction targets (only tracks for moving points are visualized).

To bias the action head to utilize the predicted object motion rather than relying on only
the raw point-cloud observation, we add residual point-track-token cross-attention adapters
throughout the U-Net in addition to the standard FiLM-style [234] global conditioning
vector. At each residual block in the down path, middle blocks, and up path, the point
track tokens are linearly projected to the current U-Net channel width, and then the U-Net
features query the point track tokens. The resulting cross-attention output is added back
to the U-Net features. The cross-attention output is zero-initialized, so the U-Net starts
with the same function as the globally conditioned model. The action head generates action
chunks composed of end-effector position, orientation, and gripper position. Actions are
expressed in the camera coordinate frame. We train one policy for all simulation tasks and
one policy for all real-world tasks. Section 10.7 has additional architectural details.

10.4 Experiments

We evaluate 3PoinTr in simulation and on a real robot, for both 3D point track prediction
and track-conditioned policy learning.

Simulation Setup In simulation, we collect demonstrations using a UFactory xArm 7 with
a UFactory parallel-jaw gripper. We procedurally generate demonstrations by executing
end-effector waypoints derived heuristically from randomly generated initial configurations.
We evaluate on four simulation tasks (Figure 10.3), varying the position and orientation of
objects across trials (Figure 10.5).
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Real-World Setup For real-world robot demonstrations and evaluation, we use an Xbox
controller to teleoperate the same UFactory xArm 7 and parallel-jaw gripper as in simulation.
For unconstrained video demonstration collection, a human performs the manipulation tasks.
We calibrate a ZED Mini camera to the scene using eye-to-hand calibration, and keep the
camera static.

We evaluate on four real-world tasks (Figure 10.3), varying the position and orientation
of objects across trials. Although human and robot demonstrations share similar initial and
goal states, the robot gripper and human hand do not need to have the same orientations and
trajectories throughout the task. Instead of trying to mimic the intended downstream robot
motion, the human demonstrator performs the tasks in a manner they see fit. For example,
for the Right Glass task, the human grasps the glass by the stem, which leads to singular
configurations if the robot attempts to mimic—instead, the robot inserts its gripper into the
glass and lifts the rim such that the glass pivots about its base. Although the general strategies
for the other tasks are more similar between human and robot, the angles of approach, grasp
points, and trajectories differ between the human and robot embodiments. Figure 10.6
(Section 10.9) shows examples of these embodiment-induced trajectory differences.

10.4.1 Implementation Details

Data collection In simulation, we collect videos of robot demonstrations, while in real-
world experiments, we collect unconstrained human demonstration videos. We extract
3D point trajectories for a dense grid of points initialized at the first image frame of
each demonstration. The real-world data additionally includes per-frame visibility masks.
Section 10.10 describes the full process. We use coarse trajectories of ~10-16 timesteps
as the training targets for the 3D point-track predictor, and finer trajectories of ~30-50
timesteps as the targets for training the closed-loop policy. In real-world experiments, we
train point track prediction networks solely on human videos, as we find that this provides
consistent conditioning for the policies.

Point track prediction network We use a 3-layer MLP with output dimension 256 and
GELU activations to tokenize input points. We use two decoder blocks with 4 attention
heads with head dimension 64. In between the blocks we use a feed-forward network with
expansion ratio 4 and GELU activation. After the decoder, a linear head predicts per-point
3D trajectories over the full prediction horizon. At both training and test times, we randomly
subsample 2048 points from the initial point cloud. We add Gaussian noise with o = 0.01
to input point clouds as data augmentation.
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Track-conditioned policy network The 2048 per-point trajectory tokens are projected to
128-D, and 4 learned Perceiver-10 queries cross-attend to them to produce 4 point track
tokens. These point track tokens are then used for both global conditioning and residual
cross-attention in the U-Net. The global conditioning vector is formed by concatenating
three features: (i) the flattened point-track tokens, (i1) a 64-D PointNet feature of the current
point cloud, and (ii1) a 32-D feature of the current robot configuration, followed by a
projection to 128-D.

The flow-matching action head predicts an action chunk A € R¥*P4 with D, = 10,
where H is the prediction horizon. Each action contains a 3-D end-effector position, a 6-D
continuous orientation representation [402], and a 1-D gripper command.

10.4.2 Baselines

3D Point Track Prediction Baseline We compare to General Flow [382], a state-of-the-art
3D flow prediction method. We retrain the General Flow network from scratch on our
dataset, which excludes all embodiment points.

Policy Learning Baselines We compare to two behavior cloning baselines that do not
use any pre-training, and two point-track-based methods that use track-prediction networks
pre-trained on actionless videos:

* Diffusion Policy (DP) [45]: behavior cloning with a diffusion action head conditioned on
RGB images and robot poses.

* 3D Diffusion Policy (DP3) [386]: Diffusion Policy conditioned on 3D point clouds instead
of images.

* ATM [350]: predicts future 2D point tracks and uses them for policy learning. Following
ATM, we train its track predictor on both robot and human videos for real-world tasks.

* AMPLIFY [49]: learns video dynamics in a compressed latent space, then learns inverse
dynamics from limited action-labeled demonstrations.

We evaluate all baselines in simulation. We select the best performing baseline from each
class (DP3 for behavior cloning, and ATM for flow-based video pre-training) for evaluation
on real-world tasks.

Ablations We also ablate key design decisions on the simulation task set, using 20 action-
labeled robot demonstrations and 100 actionless videos:

* No Perceiver-10: replaces the Perceiver-10 encoder with mean pooling over per-point
tokens.

* No U-Net Xattn: removes residual point-track-token cross-attention.

* 2D Point Tracks: predicts and conditions on 2D instead of 3D point tracks, and uses the
2D image encoder from DP instead of the 3D point cloud encoder from DP3.

* No Extra Videos: trains the point-track predictor only on the 20 robot demonstrations,
without any additional video data.
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Table 10.1: Average Displacement Error (ADE) and ADE of the 5 % of points that move the
most (5% ADE) for 3PoinTr and General Flow [382] on real-world tasks. Units are
millimeters.

Task General Flow 3PoinTr
ADE| 5% ADE| ADE| 5% ADE]
Open Drawer 2.54 16.37 2.18 13.19
Right Glass 3.34 30.38  2.29 18.55
Throw Away Paper  2.40 2287 147 8.17
Fold Sock 1.56 10.09 1.14 4.68

10.4.3 Results: 3D Point Track Prediction

We evaluate 3PoinTr’s 3D point-track predictions on all simulation and real-world tasks
using 3D Average Displacement Error (ADE [382]) in millimeters. We report total ADE
over all points and ADE over the 5 % of points that move the most (5 % ADE). We propose
the 5 % ADE metric to reflect task-critical motions, as total ADE is dominated by static
background points. Results are computed over 100 unseen simulation samples and 20
unseen real-world samples. Although each method predicts full trajectories for every input
point, errors are computed only for visible ground-truth point-timestep pairs (¢, t).

Table 10.1 shows 3PoinTr outperforming General Flow in both metrics on every real-
world task, with an average error reduction of 28 % and 44 %. The primary advantage
of 3PoinTr is that it trains on data General Flow ignores. Real-world points are often
temporarily occluded; General Flow removes any trajectory with invisible point-timestep
pairs during preprocessing, whereas 3PoinTr retains all trajectories and masks losses for
individual invisible point-timestep pairs. This provides additional supervision over task-
critical object points that are temporarily occluded during manipulation. For example, in the
Throw Away Paper task, every paper point is invisible by the final frame, so General Flow
receives no supervision over paper motion. As a result, 3PoinTr generates more informative
point tracks from realistic manipulation videos. We include point track prediction results
for simulation tasks (where supervision is equal) in Section 10.11; we find that 3PoinTr
achieves competitive results with a significantly simpler architecture.

10.4.4 Results: Sample-Efficient Policy Learning

Next, we evaluate the performance of 3PoinTr’s policies, which condition on 3D point track
predictions. We display success rates across simulated and real tasks in Tables 10.2 and
10.3. We evaluate policies trained on all real-world tasks with 20 robot demonstrations
and 50 human videos per task, and separately on all simulation tasks with 20, 50, and 100
action-labeled demonstrations and 100 actionless videos per task. 3PoinTr achieves the
highest success rate on every task with 20 robot demonstrations, and the highest average
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Table 10.2: Simulation success rates (%) evaluated over 200 rollouts per task. Results are
reported for policies trained with 20, 50, and 100 action-labeled demonstrations and 100
actionless videos per task.

Task AMPLIFY [49] DP [45] ATM [350] DP3 [386] 3PoinTr

# Demonstrations 20 50 100 20 50 100 20 50 100 20 50 100 20 50 100
Block Stack 0.5 3.5 20 17.0 30.5 60.5 11.0 47.5 67.0 25.5 41.5 57.0 66.0 84.5 94.0
Right Glass 20 6.0 9.0 165 275 76.5 8.0 25.0 32.5 21.0 43.0 70.0 51.0 77.0 97.0
Pot Lid 3.0 40 7.0 425 51.0 58.0 27.5 51.0 54.5 51.5 60.0 77.5 67.5 91.0 93.0

Open Microwave 7.0 2.5 8.0 17.5 35.0 81.5 70.0 93.5 99.0 43.0 48.0 56.0 75.0 78.0 89.0

Table 10.3: Real-world success rates for policies trained with 20 robot demonstrations and
50 human videos per task. 3PoinTr achieves the highest success rate on all four tasks, with a
25.0 percentage point higher average success rate than the best baseline, DP3.

Task ATM [350] DP3[386] 3PoinTr
Open Drawer 6/20 14/20 20/20
Right Glass 3/20 18/20 20/20
Throw Away Paper 0/20 9/20 18/20
Fold Sock 7/20 14/20 17/20

success rate with 50 and 100 demonstrations.

Outperforming the behavior cloning baselines suggests that 3PoinTr is able to extract
useful priors from the 3D point-track predictions. Outperforming ATM and AMPLIFY
suggests that encoding embodiment-specific points is not necessary for learning from videos.
In fact, because the robot points occupy a large portion of the scene, one explanation is that
ATM and AMPLIFY become reliant on robot point track predictions, and end up encoding
less information about the underlying scene and task. Removing these biases becomes addi-
tionally advantageous in real-world experiments: compared to 3PoinTr, ATM performance
suffers from the distribution shift between human videos and robot demonstrations. ATM’s
per-step track re-prediction is also vulnerable to occlusions: temporarily occluded points
are unrepresented in track predictions. For example, in the Throw Away Paper task, where
ATM obtains a 0 % success rate, the gripper occludes nearly the entire object after grasping.
3PoinTr predicts tracks once from the initial scene, so points that become temporarily
occluded during manipulation remain present in the conditioning. DP3 also struggles with
this task, likely because the paper is small and close to the table, making it difficult to
distinguish in the raw point cloud. In contrast, point-track predictions clearly highlight the
paper’s motion and location, and 3PoinTr achieves double DP3’s success rate.

Overall, 3PoinTr’s conditioning representation and policy learning framework achieve
substantially stronger performance across our evaluated tasks while making fewer assump-
tions about visual and kinematic alignment between actionless videos and robot demonstra-
tions. By avoiding reliance on embodiment point tracks, 3PoinTr learns a task representation
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Figure 10.4: Ablation average success rates over simulation tasks
with 20 robot demonstrations.

that transfers robustly from human videos to robot execution.

10.4.5 Results: Ablations

3PoinTr achieves the highest average success rate across ablations, as shown in Figure 10.4.
Full results are shown in Section 10.12. We find the Perceiver-1O encoder and the use of 3D
point tracks to be particularly influential. No Extra Videos does surprisingly well, showing
that learning to predict 3D point tracks is a useful inductive bias in addition to enabling
learning from actionless videos; however, 3PoinTr still achieves the highest average success
rate, showing that 3PoinTr is able to utilize actionless data to further improve performance.
We also find that removing residual point-track-token cross-attention in the U-Net (No U-Net
Xattn) reduces performance across all tasks.

10.5 Conclusion

We introduced 3PoinTr, a framework for learning manipulation policies from unconstrained
human videos by pre-training dense 3D point track priors with embodiment points removed
and transferring them to behavior cloning with a small number of action-labeled robot
demonstrations. Across real-world tasks, 3PoinTr produces higher-quality 3D point tracks
than a strong baseline, and these high-quality tracks translate into robust policies that outper-
form several robot learning baselines. We show that 3PoinTr’s 3D point track representation
is an effective task specification: it encodes the scene dynamics and goal state in metric
space, remains robust to appearance variation, and avoids brittle assumptions about matching
human and robot kinematics. By avoiding cross-embodiment retargeting, 3PoinTr can learn
from unconstrained human videos that encode useful manipulation priors without providing
one-to-one motion guidance for the robot.
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By contributing an approach to pre-train rich 3D point track priors from unconstrained
videos, 3PoinTr takes a step towards future work in making effective use of internet-scale,
in-the-wild human interaction data for learning robot policies.

10.6 Limitations

While 3PoinTr enables learning from unconstrained videos, where the human does not need
to mimic the robot, our current experiments still rely on videos produced under relatively
consistent laboratory conditions to achieve tractable sample efficiency. Scaling both pre-
training and behavior cloning data remains an important direction for harnessing large-scale
internet video data. We further discuss limitations and future work in Section 10.13.

10.7 Implementation Details

Perceiver-10 point-track encoder. The frozen point track prediction model outputs X €
RN>*T>3 Following [131], we compress X with a small set of M learnable queries that
cross-attend to the per-point tokens. Each predicted trajectory X* € R7*? is embedded
by a shared MLP into a track token " € RPF, giving F € RY*Pr_ A small stack of
decoder blocks then updates the latents through self-attention, cross-attention to F', and
a feed-forward network, producing point track tokens Z € RM*Pr  We use Z in two
complementary ways, both described below.

Global FilM conditioning vector. The current point cloud F; is encoded by a DP3-style
PointNet [386] into f,. € RP»<, and the current robot configuration ¢, (end-effector position,
6D continuous rotation [402], and gripper value) is encoded by an MLP into fe.,; € RP<ont,
These are concatenated with fi.qc € RPtrack, the point track tokens Z flattened and linearly
projected, and projected by a final shallow MLP ¢ to the global conditioning vector

Cc= w(ftracka fpca fconf) S RDC~ (101)

Flow-matching action head. The action head uses conditional flow-matching and outputs
a chunk of H future actions A € R7*P4_with D4 = 10 per step (end-effector position, 6D
rotation, and gripper command), expressed in the camera frame used for data collection and
track prediction. Its inputs are a noisy action chunk A, € R¥*P4 a flow time 7 € [0, 1], the
global conditioning vector ¢, and the point track tokens Z. The backbone is the conditional
1D U-Net of Chi et al. [45]: 7 is encoded with a sinusoidal embedding, concatenated with c,
and used to modulate every residual block via feature-wise linear modulation (FiLM).
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Residual point-track-token cross-attention adapters. In addition to the global FILM
conditioning, we insert a residual cross-attention adapter into every residual block of the
U-Net, each receiving the same point track tokens Z. The U-Net activations at each block
(one feature vector per horizon position) serve as queries, while the point track tokens 2
serve as keys and values. Each horizon position can therefore attend to the subset of motion
tokens most relevant to its own action step, and the result is added back into the block as a
residual update. Each adapter’s output projection is zero-initialized, so at the start of training
the policy reduces to the standard FiLM-only U-Net.

Normalization and Loss Weighting. Input point clouds and action targets are jointly
normalized per sample. We center each sample by the mean of its initial point cloud and
scale by the 90th-percentile distance of points from that center. We apply the same transform
to the current point cloud, end-effector position, and positional action targets. Orientation
targets remain in their raw 6-D representation, and gripper values are divided by a fixed
scale factor.

For multitask training, we use task-balanced sampling and per-task loss reweighting.
The sampler draws examples uniformly across tasks. After one warmup epoch, we compute
the mean unweighted training loss for each task and weight each subsequent sample by the
inverse of its task’s baseline loss. This prevents tasks with larger raw losses or more samples
from dominating the shared policy update.

10.8 Visualization of Task Spatial Variation

Figure 10.5: Visualization of the spatial variation used in our experiments.
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10.9 Distribution Shift Between Human Videos
and Robot Demonstrations

= : Object Motion =—: Embodiment Motion

Figure 10.6: Human vs. robot trajectories: 3PoinTr learns object motion from unconstrained
videos (left) and maps it to robot actions (right); embodiment and object motions need not
match.

We visualize examples of the distribution shift between human and robot demonstrations
in Figure 10.6. Even though object and embodiment motion differ between the human
videos and the robot demonstrations, 3PoinTr is able to effectively extract useful priors from
unconstrained human videos.

10.10 Data Collection Details

Our data collection procedure for training our point track prediction model and policy is as
follows.

In simulation, we have access to ground-truth labels for 3D point track prediction training.
We obtain these labels by tracking the poses of all rigid bodies throughout each trial, and
applying the corresponding transformations to each point in the initial frame. Robot points
are excluded.

For real-world videos, several steps are required to extract 3D point tracks. First, we
obtain 2D point trajectories and visibility masks using a 2D point tracking model [140].
Then, we use a stereo-to-depth model [349] to obtain depth maps, and lift the 2D tracks to
3D using depth. We also segment embodiment points with SAM3 [34] in video mode using
the text prompt “human arm,” and mark all such points as invisible.

For both simulation and real-world datasets, we then have a set of 3D point trajectories
excluding embodiment points, where the real-world data additionally includes per-frame
visibility masks. We then reparameterize each trajectory by normalized time and resample
it at uniform intervals, resulting in fixed-length discretized 3D point trajectories. We use
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Table 10.4: Average Displacement Error (ADE) and ADE of the 5 % of points that move the
most (5% ADE) for 3PoinTr and General Flow [382] on simulation and real-world tasks.
Units are millimeters.

Simulation Tasks Real-World Tasks
Task General Flow 3PoinTr Task General Flow 3PoinTr
ADE| 5% ADE| ADE| 5% ADE] ADE| 5% ADE| ADE| 5% ADE]
Block Stack 0.47 2.56 0.85 5.98 Open Drawer 2.54 16.37 2.18 13.19
Open Microwave (.68 6.04 1.79 6.79  Right Glass 3.34 30.38  2.29 18.55
Right Glass 1.96 28.82  1.66 15.86 Throw Away Paper 2.40 22.87 147 8.17
Pot Lid 1.18 6.89 0.77 4.83 Fold Sock 1.56 10.09 1.14 4.68

Table 10.5: Ablation simulation success rates (%) evaluated over 200 rollouts per task.
Results are reported for policies trained with 20 demonstrations.

2D Point No No U-Net No Extra
Task Tracks Perceiver-I0O Xattn Videos 3PoinTr
Block Stack 35.0 24.5 56.0 69.0 66.0
Right Glass 26.5 25.0 41.0 19.5 51.0
Pot Lid 44.0 55.5 62.5 57.5 67.5
Open Microwave  37.5 29.0 70.0 60.0 75.0

coarse tracks of length ~10-16 as the training targets for the 3D point-track predictor, and
finer tracks of length ~30-50 as the targets sampled during behavior-cloning training.

10.11 Additional Point Track Prediction Results

In simulation, all points are visible at every timestep and the two methods share the exact
same training data. As shown in Table 10.4, 3PoinTr and General Flow each perform better
on two of the four simulation tasks, showing that 3PoinTr’s single-transformer decoder
architecture is competitive with General Flow’s more complicated architecture, which uses
a PointNeXt [241] encoder-decoder to condition a conditional VAE.

10.12 Additional Ablation Results

Table 10.5 reports per-task simulation success rates for the ablations, using 20 demonstrations
and 200 evaluation rollouts per task.
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10.13 Future Work

In addition to extending to training on internet-scale, in-the-wild videos, scaling data should
enable policies that generalize across camera viewpoints, environments, and other task
variations, which we do not address in this chapter.

For our experiments, we find that the 3D point tracks can fully represent the task
specification, so we forgo conditioning policies on additional modalities such as colored
images and text prompts. However, we acknowledge that these features may be necessary
for certain combinations of tasks.

3PoinTr currently subsamples a fixed number of state-action pairs for behavior cloning
training spaced uniformly throughout time. Future work could explore adaptive selection
strategies that allocate temporal resolution to periods of dynamic contacts or motions.
3PoinTr also relies on accurate 2D point tracking at data collection time, which can fail
under certain conditions such as transparent objects, occluded objects, reflective objects,
and shadows.
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Chapter 11

Modality-Autoregressive World-Action
Models

ORIGINALLY APPEARED AS Chapter in Context

Adam Hung, Bardienus P.

Point clouds and point tracks are rich representations, but
Duisterhof, Deva Ramanan, and

insufficient for certain tasks and can be hard to learn.

Jeffrey Ich ki. . o . . .
cHrEy chnowsid. What if a combination of representations is best? With
Modality-Autoregressive A b dali ]
World-Action Models [126]. Mo R, we contrl ute modality-autoregressive genera-
arXiv:2609.17524. 2026. tion for world-action models. We conduct controlled ex-

periments to study the impact of various modalities and
WAM formulations. In SOLF, these comparisons test
sufficiency and focus across modalities. Predicting one
modality before the next improves learnability by letting
later predictions build on earlier ones.

World-action models (WAMs) jointly model future observations and actions, typically
predicting the future as RGB images. Other visual modalities such as depth, pre-trained
visual features, and point tracks can more efficiently capture geometric, semantic, and
motion features. However, how best to combine these modalities within WAMs remains
an open question. We introduce ModAR (Figure 11.1), the first WAM to autoregressively
denoise multiple future modalities before predicting actions. This allows each prediction
to condition on previously generated modalities. We train from scratch to systematically
study how training-data mixtures, predicted modalities, and WAM formulations affect
performance. In our evaluations, WAMs benefit from predicting point tracks, DINO features,
and depth maps, while additionally predicting future RGB does not provide a consistent
benefit. We also find that ModAR’s sequential generation outperforms existing WAM
formulations, with the highest average success rate at all evaluated data scales. We also
fine-tune the video-model-initialized WAM Flex-7 on the same data; ModAR achieves a
slightly higher observed average success rate (75% vs. 72%) while using approximately
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ModAR: Predict the future one modality at a time, then act

1 Predicted tracks 2 Predicted DINO 3 Predicted depth 4 Predicted actions
motion semantics geometry live RGB
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Figure 11.1: We present ModAR, a world-action model (WAM) that predicts future
observations as a sequence of multiple modalities. ModAR autoregressively denoises one
modality at a time before finally denoising robot actions. We train all models from scratch
for controlled comparisons across predicted modalities and training data. We find that
additional modalities improve performance, and our multimodal formulation outperforms
prior WAM formulations. We further validate ModAR on real-world bimanual manipulation
using robot demonstrations and human videos.

20x fewer training FLOPs and no pre-training. On three real-world bimanual tasks, ModAR
outperforms baselines and improves with human videos.

11.1 Introduction

Future-observation prediction is a powerful objective for learning rich representations of the
world’s dynamics and semantics. World-action models (WAMs) harness this objective for
robotics by jointly modeling future observations and corresponding robot actions.

While robot action prediction requires action-labeled robot data, future-observation
prediction can learn from broader actionless data sources or initialize from pre-trained video
generation models. Supervision on these broader data sources can benefit action prediction
both as a training-time auxiliary objective, even when future generation is omitted at
deployment [383], and by enabling policies to condition action generation on predicted visual
futures [67, 163]. Recent predictive world models have explored other representations of
the future that emphasize physical, spatial, or semantic structure. These include depth [168],
point tracks [102, 125], and pre-trained visual features such as DINO [328, 400]. Here,
we use modality to denote a representation of the future, including both sensory signals
and derived features. These modalities each contain unique inductive biases that capture
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manipulation-relevant features. In this chapter, we ask: How should WAMs combine multiple
modalities?

Our contributions are as follows: (1) We introduce ModAR, a WAM that autoregressively
denoises multiple future-observation modalities before generating actions. (2) We contribute
controlled experiments on how WAM formulation, target modalities, and actionless data
scale affect policy performance. We find that modality-autoregressive generation performs
best across all evaluated data scales and benefits most from additional actionless data. In
our experiments, predicting point tracks, DINO features, and depth provides additive gains,
while additionally predicting future RGB provides no consistent benefit. We also fine-tune
the 6B-parameter video-pre-trained WAM Flex-7 [369] on our data. Our 30.1M-parameter
ModAR achieves a slightly higher observed average success rate (75% vs. 72%) despite
using approximately 20x fewer training FLOPs and no pre-training. (3) We validate the
resulting design on real-world bimanual manipulation using a mix of robot demonstrations
and actionless human demonstrations.

11.2 Related work

11.2.1 World-action models

World-action models (WAMs) jointly model robot actions and future observations, enabling
large-scale training on both action-labeled robot demonstrations and actionless demonstra-
tions. Their designs vary along two primary axes: how predicted futures inform action
generation and which representations of the future they predict.

WAM formulations differ in how predicted futures inform action generation (Figure 11.2).
Joint-generation models like DreamZero [377] co-denoise visual futures and actions simul-
taneously with cross-stream attention (Figure 11.2(b)). Unified World Models [403] and
Flex-m [369] do the same, but sample noise levels independently for different streams during
training. Fast-WAM [383] instead prevents attention between future and action targets
(Figure 11.2(c)), using future-observation prediction as a training-time auxiliary objective
and omitting it at deployment. UniPi [67] and VERA [163] instead fully denoise visual
futures and then infer actions from the resulting frames, rather than co-denoising both
streams. Building on this futures-then-actions ordering, ModAR autoregressively denoises
multiple future modalities one at a time before denoising robot actions. Our controlled
experiments compare each formulation (Figure 11.2) for multimodal WAMs and we find
ModAR performs best.

WAMs also differ in how they represent predicted futures. Most WAMs predict future
RGB as image latents from frozen video VAEs [148, 161, 227, 377, 383, 403]. While this
representation provides a convenient interface to pre-trained video generators, reconstructing
visual appearance does not explicitly prioritize the geometric, physical, and semantic
structures most relevant to manipulation tasks. Recent work has therefore explored predicting
alternative modalities either in place of RGB [158, 400] or alongside it [102, 168, 328]. Point
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Figure 11.2: WAM formulations. We draw block diagrams of the evaluated WAM
formulations and the Action-only baseline, which differ only in how they couple future
prediction with action prediction. ModAR (a) autoregressively denoises future modalities
before denoising actions. Unified (b) represents joint-generation WAMs such as DreamZero
and Cosmos Policy [148, 377], which denoise future-observation and action streams
together. Disjoint (c) represents Fast-WAM [383], which predicts future observations and
actions independently and omits future-observation prediction at inference time.
Action-only (d) denoises actions directly without predicting future observations.
Independent-noise (not drawn) is identical to Unified (b) except during training: rather than
applying one shared noise level to all predicted streams, it samples each stream’s flow
timestep independently.

tracks encode scene motion and correspondence independently of appearance, providing
direct supervision for how task-relevant scene elements move through time [20, 125, 350].
DINO features are robust to appearance variation while encoding object semantics and scene
structure [225]. Depth makes scene geometry explicit and provides direct supervision for
the spatial reasoning required for predicting 3D actions [168]. Concurrent work Flex-7 finds
that jointly predicting multiple future modalities (RGB, 3D pointmaps, and DINO features)
can improve performance over predicting future RGB [369].

Most existing WAMs build on pre-trained video-generation models [148, 369, 377].
This initialization is highly effective, but makes it difficult to isolate the effects of WAM
formulation, target representations, and actionless-data scale. We instead train all models
from scratch and systematically study these factors in a controlled setting.

11.2.2 Multimodal generation

Predicting multiple representations of the same underlying signal can provide comple-
mentary supervision for representation learning. By co-training a shared backbone across
multiple objectives, each objective can enrich and regularize the representations used by the
others. Prior work finds that such co-training can improve per-task performance relative
to single-task training, and recent systems have scaled this idea to many vision, language,
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and action tasks with strong results [9, 198, 212, 222]. Following this idea, we jointly
predict multiple representations of the future so that action prediction can benefit from their
inductive biases.

Beyond the choice of targets, their generation order can influence how much they help
one another. Latent Forcing [8] generates image latents before pixels, allowing the latents to
serve as a semantic “scratchpad” for generating fine-grained appearance. Similarly, Modality
Forcing [74] adapts a pre-trained image generation model to jointly generate depth and
finds that image models contain valuable priors which improve depth accuracy. These
results suggest that generating easier-to-predict modalities earlier can expose structure
that simplifies subsequent predictions. We extend this principle to multimodal WAMs by
generating modalities autoregressively, starting with more structured modalities like point
tracks and DINO features followed by increasingly detailed depth and RGB predictions, and
finally actions.

11.3 Method

11.3.1 Problem definition

Given demonstrations spanning multiple manipulation tasks, our objective is to jointly model
future multimodal observations and robot actions conditioned on the current observation,
robot configuration, and task label. We consider the set of predicted future modalities
M = {rgb, depth, dino, tracks}. At decision time ¢, let o; denote the multimodal obser-
vation. The complete conditioning information is ¢; = (04, q;, g), where g, is the robot’s
proprioceptive configuration (joint positions and gripper opening) and g is the learned embed-

ding associated with a discrete task label. For each m € M, let Y}* = (y/ia,---, Y/ isn)
denote .J future targets in modality m, where A is the dynamics stride and H = JA is the
prediction horizon. We predict actions at every control step: A; = (as, 811, ..., 814-1)-

Thus, the final prediction target corresponds to the next decision point ¢ + H, while A,
contains the /1 actions executed between ¢ and ¢ + H.

11.3.2 ModAR: Modality-Autoregressive World Modeling

Given the targets above, ModAR denoises one future modality at a time and uses each com-
pleted prediction as context for generating the next. We generate actions last, conditioning
the policy on every generated modality. Formally, let (m, ..., my) be an ordering of M
(or a subset of M), and write Y; = (Y;™,...,Y;"™) for the corresponding future targets.
We model their joint distribution with actions as

K
po(Ye, Ay | €)= po Atyct,YtH (Y™ | e, Yi5), (11.1)
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Figure 11.3: ModAR architecture. We embed the current observation from each modality
and pass the resulting tokens into a shared diffusion transformer. The DiT combines
cross-modal blocks with modality-specific experts and output heads. Robot configuration
and a learned task embedding provide global adalLN conditioning to each DiT layer.
ModAR sequentially denoises future modalities, conditioning each on earlier predictions,
and denoises actions last.

where Y% = (Y7, ..., Y, ") denotes the modalities preceding m;, in the generation
order. The final action-prediction step acts as an inverse dynamics model (IDM), mapping
the generated future observations to the actions that induce the predicted transitions. For
actionless examples, we omit action prediction and supervise only the available future
targets.

Modality tokenization. We patchify RGB and depth maps. We extract DINO tokens from
the spatial patch tokens of a frozen DINOv2 encoder [225]. For point tracks, we initialize
a 2D grid of queries at patch centers and track them with CoTracker3 [140]; we represent
each point-time pair with a token that encodes its displacement from its initial position and
its visibility. We linearly project each modality into the common token dimension. We add
a learned modality embedding and apply axial rotary position embeddings (RoPE) [282]
over time and the two spatial dimensions for visual tokens, and over time for action tokens.

Shared world-action backbone. As shown in Figure 11.3, we process the resulting tokens
from all modalities with a diffusion transformer (DiT) [230]. The DiT first applies several
shared transformer blocks that attend across all causally available modality tokens. It then
applies a small modality-specific expert stack, whose attention is restricted to that modality’s
stream, followed by a linear output head. The robot configuration, task embedding, and flow
timesteps for each modality condition the transformer through adalLN. Thus, cross-modal
information is fused in the shared blocks before within-modality specialization in the expert
blocks.
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Block-causal modality generation. Equation (11.1) factorizes the joint multimodal distri-
bution into a sequence of modality-conditional distributions. Our autoregressive sequence
consists of modality blocks: we generate all tokens of one modality jointly before moving to
the next modality. When generating block my, the model attends to the current observation
and to the completed blocks my, ..., my_1; blocks later in the sequence are not available.
At inference, we therefore denoise one block, re-embed the completed prediction as context,
and then denoise the next block. We use the order tracks — DINO — depth — RGB.
Intuitively, this orders the targets from compact, structured representations that are easier to
predict toward increasingly high-dimensional and detailed representations.

During training, we supervise every stage in one pass by creating a clean context copy
and a noisy prediction copy of each target modality. A block-causal mask lets the prediction
copy for my, attend only to the observation and context copies of my, ..., my_1, preventing
target leakage.

Injecting context noise. Modality-autoregressive generation is susceptible to cascading
error, as imperfections in earlier generations become inputs to all later predictions. Following
Latent Forcing [8], we mitigate this by adding noise to context blocks during training.
Specifically, when predicting my,, we independently sample egtx ~ N(0,1) and TthX ~
U(1 — f3,1) for every context block m; in every training example, and replace its clean

target with Y5 = 77%Y" + (1 — 75%)€S™. We apply this noise only during training, not

during inference.

Training. We train every output stream with a JiT-style x-prediction objective [164]. Em-
pirically, we find that replacing x-prediction with velocity (v) prediction is often unstable and
can cause training to diverge. Velocity prediction can struggle in high-dimensional spaces;
predicting the clean sample is well-conditioned when the data lie on a low-dimensional
manifold, as with images, depth, and other visual representations [74, 164]. We use the
same parameterization for robot action generation [39, 375]. For each supervised modality
m, we independently sample €™ ~ N(0,]) and a flow timestep 7,,, and form a linear
flow-matching interpolant [184]

Y7 =7, Y 4 (1 — 7)€ (11.2)

The corresponding output head directly predicts the clean target ?;” We minimize the loss
function:

L, (0) :E[ (11.3)

where 0,, stabilizes the loss near the clean endpoint. We apply the same objective to the
action chunk, replacing (Y}, Y}, Ton, Omm) With (A, Ay, Tact, Oact ). The total loss is

IYm — Y2 ]

max (1 — 7, 0 )?

K
LO)=>> L, + Loct, (11.4)

k=1
We include the action term only for examples with action labels.
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Inference. We generate one modality at a time in the order mq, ..., mg. We initialize
each stream from isotropic Gaussian noise and integrate it from 7 = 0 to 1 using the velocity
implied by its clean prediction, vy = (Y — Y)/(1 — 7); the same equation applies to
the action stream with Y replaced by A. The resulting clean tokens become context for
generating the next modality, and we condition the final action chunk on the complete
generated future. We cache keys and values for the current observation and all previously
generated modalities to avoid recomputing them at every denoising step.

11.4 Experiments

In simulation, we evaluate WAM formulations (Figure 11.2), actionless-data scaling, and
predicted modality sets. We also compare with a large video-model-initialized WAM, Flex-
7 [369]. We then evaluate ModAR on real-world bimanual manipulation and learning from
human demonstrations.

11.4.1 Experimental setup

29 &6

Simulation. 'We evaluate on six representative RoboTwin [40] tasks: “dump bin”, “pick
bottles”, “place bread”, “put bottles”, “stack bowls”, and “turn switch.” Each task uses D &€
{50, 250, 1250} total training demonstrations. We retain 50 action-labeled demonstrations
and use the remaining [ — 50 as actionless demonstrations. For each method and data scale,
we train one multitask model for all six tasks. We evaluate all models on 50 held-out initial

conditions per task.

Real world. 'We evaluate on three challenging tabletop tasks—stacking cups, folding a
crumpled towel, and placing an object in a drawer and closing the drawer—using bimanual
YAM arms (Figure 11.1). For each task, we collect 100 teleoperated robot demonstrations,
200 in-domain actionless human demonstrations, and 1,000 EgoDex demonstrations [117].
We use the corresponding EgoDex categories “stack/unstack cups,” “basic fold,” and “in-
sert/remove drawer” for cup stacking, towel folding, and drawer placement, respectively.
For each method and data mixture, we train one multitask model for all three real-world
tasks. We evaluate each reported method and data mixture with 30 rollouts per task, with
varied initial object poses.

Baselines. 'We compare representative WAM formulations (Figure 11.2) within one con-
trolled implementation. All methods share the same backbone, action-labeled data, and
optimization budget.

Unified (Figure 11.2(b)) jointly denoises all future-observation and action streams using
one shared flow timestep, representing joint-generation WAMSs such as DreamZero and
Cosmos Policy [148, 377].
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Disjoint (Figure 11.2(c)) predicts each target independently, without attention between
future-observation and action targets, as in Fast-WAM [383].

Independent-noise samples a separate flow timestep for every stream during training, as
in Unified World Models and Flex-7 [369, 403]; at inference, it uses the same simultaneous
denoising process as Unified (Figure 11.2(b)).

Action-only (Figure 11.2(d)) predicts actions directly from observations without future-
observation prediction, representing a typical flow-matching behavior cloning policy. Be-
cause it has no future-observation prediction objective, Action-only trains only on action-
labeled data.

11.4.2 Simulation results

Figure 11.4 compares WAM formulations and predicted-modality subsets as the amount of
actionless data varies.

Formulation comparison. Figure 11.4(a) compares formulations trained to predict all four
modalities; Table 11.1 gives the per-task breakdown. ModAR achieves the highest average
success rate at every data scale. We hypothesize that early modalities act as “scratchpads”
for later ones: generating coarser or easier targets first provides structured context for more
detailed targets [8].

Independent-noise generation performs poorly in our from-scratch experiments. Because
independently sampled noise levels rarely match the synchronized test-time denoising
schedule, we hypothesize that the model receives insufficient training signal near its inference
regime.

Scaling with actionless data. ModAR benefits most from additional actionless data:
adding 1,200 actionless demonstrations improves the average success rate from 66% to
76% (10 percentage points), compared with a mere 1% improvement for Unified. Disjoint
generation outperforms Action-only prediction on average, but its performance decreases
as we add actionless data. One possible explanation is that with more actionless data, the
shared representation becomes increasingly shaped by the future-observation prediction
objective, causing negative transfer to the action prediction objective.

Modality comparison. Figure 11.4(b) compares ModAR variants that predict each target
modality individually against variants that predict progressively larger modality sets, follow-
ing the generation order point tracks, DINO, depth, and RGB; Table 11.2 gives the per-task
breakdown. Across data scales, performance generally holds or increases with each added
modality, showing that ModAR can effectively combine the benefits of predicting multiple
modalities. However, the best modality set naturally varies across tasks because different
features define each task, and some modalities represent those features better than others;
as a result, additional modalities do not always help. In particular, additionally predicting
future RGB on top of the first three modalities provides no consistent gain. We hypothesize
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Figure 11.4: RoboTwin simulation results. Success rates over six tasks with 50 trials per
task. We train all models with 50 action-labeled demonstrations per task, then add
actionless demonstrations to increase the total demonstration count from 50 to 250 to 1,250.
(a) ModAR achieves the highest average success rate among the formulations at each data
scale. (b) We find it beneficial to predict future tracks, DINO, and depth, while additionally
predicting future RGB provides no consistent gain. RGB (dark blue) matches the typical
WAM setting of predicting only future RGB and actions. Independent-noise is identical to
Unified except during training: rather than applying one shared noise level to all predicted
streams, it samples each stream’s flow timestep independently.
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Table 11.1: Per-task success rates by WAM formulation at total-demonstration scale D:
action-only, independent-noise, disjoint, unified, and ModAR.

Action- Independent-

Task D only noise Disjoint Unified ModAR
50 0.82 0.64 0.90 0.88 0.92
dump bin 250 — 0.68 0.92 0.92 0.94
1250 — 0.64 0.78 0.94 0.98
50 0.30 0.40 0.44 0.58 0.48
pick bottles 250 — 0.38 0.42 0.60 0.60
1250 — 0.38 0.38 0.62 0.58
50 0.24 0.20 0.46 0.44 0.52
place bread 250 — 0.14 0.48 0.50 0.74
1250 — 0.28 0.22 0.44 0.72
50 0.32 0.20 0.36 0.52 0.64
put bottles 250 — 0.20 0.36 0.62 0.82
1250 — 0.18 0.42 0.56 0.82
50 0.64 0.36 0.58 0.76 0.76
stack bowls 250 — 0.18 0.62 0.76 0.68
1250 — 0.04 0.62 0.68 0.80
50 0.44 0.44 0.58 0.60 0.66
turn switch 250 — 0.48 0.48 0.60 0.74
1250 — 0.46 0.48 0.58 0.64
50 0.46 0.37 0.55 0.63 0.66
overall 250 — 0.34 0.55 0.67 0.75
1250 — 0.33 0.48 0.64 0.76

that predicting future RGB introduces high-variance appearance details while adding little
information beyond the more structured targets in our setting.

Separate inverse-dynamics model. Recall from Section 11.3 that ModAR’s final action-
prediction step acts as an inverse-dynamics model (IDM), mapping its fully generated
future-observation predictions to actions. Unified instead predicts actions while its predicted
futures are still being jointly denoised. Thus, ModAR could outperform Unified simply
because its action predictor conditions on more informative predicted futures. To test this,
we evaluate both models using the same separately trained IDM in place of their native
action predictors. We train this IDM to map ground-truth future observations to actions, and
apply context noise to its inputs during training. We evaluate the best-performing ModAR
and Unified checkpoints on 50 held-out initial conditions per task using this separate IDM.
At each prediction step, each model generates its future-observation predictions and actions
normally. We then discard its native action prediction, pass its predicted futures to the
separate IDM, and execute the resulting actions (Figure 11.5). ModAR still outperforms
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Table 11.2: Per-task success rates by predicted-modality subset at total-demonstration scale
D. Modalities comprise RGB, depth, point tracks, and DINO features.

Action- Tracks Tracks + DINO Tracks + DINO
Task D only RGB Depth Tracks DINO + DINO + Depth + Depth + RGB
50 0.82 0.80 090 090 0.96 0.92 0.92 0.92
dump bin 250 — 094 092 092 094 0.94 0.96 0.94
1250 — 098 0.88 090 0.96 1.00 0.94 0.98
50 030 0.18 044 0.12 044 0.58 0.48 0.48
pick bottles 250 — 032 048 048 0.62 0.62 0.58 0.60
1250 — 030 040 042 0.62 0.70 0.66 0.58
50 024 026 038 0.10 044 0.52 0.54 0.52
place bread 250 — 034 064 026 0.56 0.64 0.76 0.74
1250 — 036 060 038 0.54 0.64 0.72 0.72
50 032 020 0.12 030 0.64 0.48 0.48 0.64
put bottles 250 — 038 048 048 0.60 0.66 0.74 0.82
1250 — 054 042 074 0.64 0.66 0.90 0.82
50 0.64 058 054 074 0.66 0.70 0.72 0.76
stack bowls 250 — 0.72 074 0.64 0.66 0.86 0.78 0.68
1250 — 0.66 064 066 0.84 0.74 0.80 0.80
50 044 0.58 036 030 046 0.58 0.62 0.66
turn switch 250 — 056 054 042 054 0.58 0.68 0.74
1250 — 064 040 056 048 0.60 0.58 0.64
50 046 043 046 041 0.60 0.63 0.63 0.66
overall 250 — 0.54 063 053 0.65 0.72 0.75 0.75
1250 — 0.58 056 0.61 0.68 0.72 0.77 0.76
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Figure 11.5: Evaluating predicted futures with a separate IDM. Recall from Section 11.3
that ModAR’s final action-prediction step acts as an inverse-dynamics model (IDM),
mapping its future-observation predictions to actions. In contrast, Unified denoises futures
and actions jointly, so its action prediction conditions on partially noisy predicted futures.
To remove this asymmetry, we discard both models’ native action predictions and pass their
predicted futures to the same separately trained IDM. ModAR still outperforms Unified,
showing that its predicted futures are themselves more useful for predicting actions.

Unified with the separate IDM, suggesting that its predicted futures are themselves more
useful for predicting actions.

Sampling-step comparison. ModAR generates each modality autoregressively, and per-
forms 8 Euler integration steps per modality—40 steps across four future-observation
streams and actions—whereas Unified, Independent-noise, and Disjoint use only 8 steps
in total. To test whether ModAR’s gains arise simply from its larger sampling budget, we
re-evaluate each formulation at D = 250 with 40 Euler steps, matching ModAR’s total
number of sampling steps. Additional steps do not close the gap: Unified decreases from
67% to 59%, Disjoint from 55% to 54%, and Independent-noise increases from 34% to 37%,
compared to ModAR’s 75%.
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Comparison to a video-model-initialized WAM. In addition to our controlled from-scratch
experiments, we compare against concurrent work Flex-m [369] at D = 250. We adapt the
official implementation to our single head-camera setting and to an action horizon of H = 16,
with visual targets at ¢ + {4,8,12,16}. Following their recipe, we initialize the video
backbone from Wan2.2-TI2V-5B [297, 320] and interpolate those weights to a smaller hidden
size for the action expert, then full-fine-tune all trainable Flex-7m components while keeping
the VAE, text encoder, and DINOv3 encoder [274] frozen. On actionless demonstrations we
retain every visual objective (RGB latents, pointmaps, and DINO features) and mask the
action loss.

We train with global batch size 288 and evaluate on the same 50 held-out initial con-
ditions per task used in our other experiments. At inference we jointly denoise all visual
streams and actions, i.e., Flex-7’s full multi-stream generation mode. At its final checkpoint
after 30,000 steps, Flex-7 attains an average success rate of 72% . Compared to our trained-
from-scratch tracks—DINO-depth ModAR variant, which achieves 75% average success,
Flex-7 has approximately 200 x as many parameters (6B vs 30.1M) and uses approximately
20x as many training FLOPs. This comparison shows that, on these in-distribution tasks,
a compact WAM trained from scratch can perform as well as or better than a much larger
video-model-initialized WAM using substantially less training compute. We note that this
is a system-level comparison rather than a controlled architectural comparison, since the
models differ in scale, pre-training, target modalities, and training recipe.

Inference latency. On a single NVIDIA GeForce RTX 5090 GPU, end-to-end inference
for ModAR takes 147.9 ms (6.76 Hz) when generating all four future-observation modalities
and actions.

11.4.3 Ablations

Figure 11.6 ablates the ModAR design at the 250-demonstration scale, where the full model
achieves a 75% average success rate.

Context noise. First, we remove the context noise added to previously generated modalities
during training (No context noise). The success rate falls to 63%, showing that context
noise during training is critical for preventing errors from compounding across successive
modalities.

Modality order. We also reverse the future-modality order to RGB — depth — DINO
— tracks (actions are still generated last). This lowers the average success rate to 65%,
supporting our choice to generate compact, structured representations before increasingly
detailed ones. We leave a full systematic comparison of modality orderings to future work.

174



o 1.0 H
9 i - o
2 0.8 1 =} n v = S
15} o o =
o = =
2 0.6
&)
D04 A
Y
]
Z 02 -

0.0 =

; 5 S
§I\OéP»Y\ 00\86 e 0’&6'6 \(’AC’Y» 0\60 N é,@QQ‘\ \OQ\G%
o ?\6\16@ RN o W N
Wo

Figure 11.6: ModAR ablations in RoboTwin. Average success rate over six tasks, with
250 total demonstrations per task and 50 action-labeled demonstrations. We ablate context
noise (No context noise), generation order (Reverse order), and each individual
future-observation modality. Results suggest that context noise is critical for robust
autoregressive generation. Generating modalities in reverse order also reduces performance,
supporting our hypothesis that more structured modalities act as “scratchpads” for more
detailed modalities. Removing future RGB prediction does not reduce performance,
suggesting that RGB contributes the least of the four future-observation modalities.

Ablating modalities. Finally, we measure the contribution of each future-observation
modality by removing one modality at a time from the full model. Removing tracks (w/o
tracks), DINO (w/o DINO), or depth (w/o depth) lowers the average success rate to 61%,
65%, and 70%, respectively, whereas removing future RGB prediction leaves it unchanged.
Thus, predicting RGB contributes the least of the four modalities to success rate in this
setting.

11.4.4 Real-world experiments

Because adding RGB provided no consistent benefit in simulation while increasing training
and generation costs, we train all real-world WAMs to observe and predict only tracks,
DINO, and depth.
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Formulation comparison. Results in Figure 11.7(a) mirror the simulation results: across
30 trials per task, ModAR achieves the highest success rate on all three tasks and an overall
success rate of 83.3%, compared with 66.7% for Unified and 52.2% for Action-only.

Effect of adding human demonstration data. We compare ModAR trained on only
the 100 teleoperated robot demonstrations per task against adding 200 in-domain human
demonstrations and then also adding 1,000 out-of-domain EgoDex demonstrations. These
additions improve the average success rate from 70.0% to 81.1% and 83.3%, respectively
(Figure 11.7(b)), indicating that ModAR can benefit from actionless data collected across
embodiments and domains.

11.4.5 Implementation details

Inputs and outputs. Models condition on a single-camera 168 x 224 observation and
predict future observations with horizon H = 16 and dynamics stride A = 8, yielding J = 2
sparse targets at ¢t + 8 and ¢ 4 16, together with a dense /-step action chunk; policies replan
every H steps. Actions and robot configurations are 14-dimensional absolute dual-arm joint
configurations. RGB, depth, and track queries use a 12 x 16 grid of 14 x 14 patches. We
obtain point tracks by tracking the patch-center queries with CoTracker3 [140], and extract
DINO targets with a frozen DINOv2 ViT-S/14 encoder [225].

Architecture. The shared DiT contains six width-384 transformer blocks with six attention
heads (ViT-S), followed by two width-384 expert blocks for DINO, depth, and RGB, one
width-128 block for tracks, and two width-128 blocks for actions.

Optimization. We use AdamW with learning rate 10~%, betas (0.9,0.95), weight decay
0.1, gradient clipping at 1.0, and global batch size 48. Training uses bfloat16, an EMA with
decay 0.999, and a 48,000-sample linear warmup followed by a constant learning rate. We
train all methods for 1.2M optimizer steps. At each optimizer step, we sample equal-sized
batches from the action-labeled and actionless pools and weight their losses equally. We
evaluate checkpoints every 100,000 optimizer steps and report the best-checkpoint success
rate on 50 held-out initial conditions per task.

Flow and sampling. For ModAR, we set the maximum context-noise level to 8 = 0.5,
set 0,, = 0act = 0.05, use unit loss weights, and sample logit-normal flow timesteps
with (p,0) = (=2,1),(0,1),(—=1,1.6),(—=1,1),(—1,1) for DINO, tracks, depth, RGB,
and actions, respectively. Unified uses one shared flow timestep with (u,0) = (—1,1);
Independent-noise samples each stream’s modality-specific distribution independently. We
integrate each generated stream with eight Euler steps.
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Figure 11.7: Real-world results. Success rates on real-world tasks, with 30 trials per model
per task. (a) All methods use 100 robot demonstrations per task; ModAR and Unified
additionally use 200 in-domain actionless human demonstrations and 1,000 out-of-domain
EgoDex demonstrations. ModAR achieves the highest success rate on all three tasks. (b)
We train separate ModAR models with just 100 robot demonstrations per task, then adding
200 in-domain actionless human demonstrations (used to supervise future-observation
predictions, but not action prediction), and then also adding 1,000 out-of-domain human
demonstrations from EgoDex (used similarly). The average success rate progressively
improves from 70.0% to 81.1% to 83.3%.
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Real-world data collection. We collect robot demonstrations by teleoperation with paired
teacher arms using the RAIDEN toolkit [130]. A fixed third-person ZED stereo camera
provides RGB observations and stereo depth for both robot and actionless human demon-
strations.

11.5 Conclusion

We introduce ModAR, a world-action model that autoregressively denoises multiple future-
observation modalities before predicting actions. In a controlled simulation study, this
formulation achieves the highest average success rate among representative existing WAM
formulations and improves the most as we add actionless data; on three real-world tasks,
it achieves the highest success rate among baselines and also improves with human video
demonstrations. On average, point tracks, DINO features, and depth provide complementary
gains, whereas additionally predicting future RGB provides no consistent benefit in our
experiments. These findings highlight modality-autoregressive prediction as a promising
alternative to relying solely on future RGB prediction for world-action modeling.

11.6 Limitations

Our experiments cover a limited number of tasks and use discrete task labels rather than
language instructions, so they do not establish broad generalization across tasks, objects,
or scenes. Sequentially generating multiple modalities also increases inference latency
relative to simultaneous or action-only generation. Future work should explore larger-
scale experiments with broader task diversity, generalization evaluation, and training on
heterogeneous internet-scale actionless data. Future work can also explore the best order for
generating modalities, which may depend on the task or specific scenario.
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Chapter 12

Conclusion

This thesis investigates how spatiotemporal representations can focus robot learning on
task-relevant geometry and dynamics. Good old-fashioned engineering (GOFE) readily
enables systems to perform specialized and repeatable tasks at scale. Extending GOFE
to new or non-repeatable settings, however, often requires substantial additional effort,
even with learning-based systems. To support efficient learning across tasks, I develop
methods for reconstructing geometry and motion and learning generative spatiotemporal
priors. Furthermore, I use these priors to generate robot actions in world-action models
(WAMs) to improve closed-loop robot performance.

12.1 Summary of contributions

Contributions are split into three parts: (I) reconstructing geometry and motion from
observations with fewer constraints, (II) learning generative priors focused on spatiotemporal
intelligence, and (III) using predictions of scene changes to generate robot actions with
WAMs. Together, these contributions advance spatiotemporal representations towards the
SOLF goals introduced in Chapter 1: Sufficient, Obtainable, Learnable and Focused.

12.1.1 Spatiotemporal reconstruction

Part I investigates how to recover geometry and dynamics when calibration, sparse captures,
and large deformations make reconstruction difficult. These limitations restrict the obtain-
ability of spatiotemporal representations. TartanCalib (Chapter 2) improves wide-angle
camera calibration by using intermediate camera estimates to refine target detection and
now serves researchers around the world. MASt3R-SfM (Chapter 3) explores how a learned
pairwise reconstruction model can support geometry and camera estimation from arbitrary
image collections, including those with little overlap or motion. Using calibrated captures,
Residual-NeRF (Chapter 4) uses neural rendering for object reconstruction when we know
the background in advance. Specifically, it uses a background neural radiance field (NeRF)
to reduce ambiguity in the reconstruction of transparent objects and speed up convergence.
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Extending to dynamic scenes, DeformGS (Chapter 5) recovers dense 3D trajectories in
highly deformable scenes through a canonical Gaussian representation, a learned defor-
mation function, and physics-inspired regularization. Finally, Cloth-Splatting (Chapter 6)
extends DeformGS by combining a learned cloth dynamics model with image-based state
refinement, improving estimation accuracy and convergence time.

12.1.2 Generative spatiotemporal priors

Humans reason beyond present observations to anticipate how objects will respond to
interaction and infer geometry hidden from view. These capabilities may also help robots
plan actions and manipulate objects from partial observations. Part II proposes methods
to generate unseen observations across time and space, providing geometric and dynamic
priors for robot manipulation.

RaySt3R (Chapter 7) infers unobserved object geometry by predicting depth maps from
novel viewpoints. Its predictions transfer from synthetic training to real objects and set a
new performance record for object completion. Modality Forcing (Chapter 8) examines
a different source of geometric knowledge: image generation pre-training. With depth
supervision held fixed, additional image-only pre-training improves depth prediction. This
establishes that the data used to acquire useful geometric knowledge do not need to all
contain geometric labels.

PointZero (Chapter 9) extends the study of transferable priors to dynamics. Completing
3D point tracks from a single RGB-D image and sparse future motion tracks provides a rich
pre-training objective without requiring robot action labels. The learned prior transfers from
simulated interactions to the completion of real-object motion and improves downstream
action-conditioned dynamics and imitation learning. These results suggest that we can learn
to reason about 3D dynamics without robot action labels and transfer that knowledge to
improve robot learning.

Together, these chapters contribute novel, simple generative formulations for learning
focused spatiotemporal representations.

12.1.3 Spatiotemporal world-action models

In the final Part III, I tighten the connection with closed-loop robot action generation. I study
how to represent and generate future states and how to use these in a closed-loop policy.

Related work shows that predicting future images improves robot action generation. In
3PoinTr (Chapter 10), I instead use 3D point tracks as scene-motion plans learned from
human videos. I train a closed-loop policy on robot demonstrations, using those plans as
input. This representation connects desired changes in the environment to actions executable
by the robot, allowing human demonstrations that need not reproduce the robot’s kinematics.
Its results show that the representation and policy require co-design.

ModAR (Chapter 11) investigates how complementary future modalities can contribute
to action generation. Sequential, modality-autoregressive prediction gives later modalities
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and actions access to earlier predictions. In the controlled simulation study, this formulation
achieves the highest average success rate among the evaluated formulations on each data
scale tested. Modality comparison experiments show that point tracks, depth, and DINO
features improve action generation, while adding future RGB prediction does not give a
consistent improvement. The choice of prediction targets and the way the model connects
their predictions therefore affect the usefulness of world modeling for manipulation.

12.2 Revisiting SOLF

The SOLF framework in the Introduction organizes the representation design around four
goals: Sufficiency, Obtainability, Learnability, and Focus.

Sufficiency. Geometry and motion support many of the decisions robots take: from
estimating graspable surfaces to describing desired object movement. ModAR shows
the value of complementary visual features for when geometry is not enough. Overall, I
show that spatiotemporal representations are sufficient for many tasks and I contribute a
performant recipe to add complementary visual features.

Obtainability. The reconstruction chapters make spatial and temporal supervision more
obtainable under challenging conditions. Modality Forcing and PointZero reduce the
dependence on particular kinds of labels during pre-training. Reliable supervision from
arbitrary real-world video remains an open challenge, especially when camera motion,
occlusion, and ambiguous depth complicate the recovery of 3D trajectories.

Learnability. Novel-view depth prediction, point-track completion, and modality-auto-
regressive generation provide learnable objectives through which models can learn useful
structure for downstream manipulation. In ModAR, I further show that autoregressive
prediction in a specified order is more learnable and improves action generation.

Focus. This thesis demonstrates the effectiveness of focused spatiotemporal representa-
tions in robot manipulation. Point tracks, depth and DINO are rich representations that are
focused on relevant features for the diverse tasks studied. ModAR’s modality study provides
insight into the value of additional modalities and the trade-offs discussed in SOLF.

These findings support the goal illustrated in Figure 1.1: to retain a broadly useful
physical structure while concentrating on what helps action generation. They also make
clear that we must consider the four goals together. Discarding information can improve
focus while impairing sufficiency, and a useful representation may still be costly or unreliable
to obtain. The thesis establishes empirical advances in this trade-off.
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Figure 12.1: Two trajectories of AI progress. Circles represent the capabilities required
for human jobs; hatched regions represent tasks an Al system can perform. The upper row
illustrates broad improvement toward artificial general intelligence (AGI). The lower row
illustrates increasingly uneven capabilities, with exceptional performance in a few domains
and persistent gaps elsewhere. Adapted from an illustration by Adam Hunt.

12.3 Future work

Artificial intelligence has undergone a profound transformation in recent years. Models
can generate images and 3D assets, and write code at expert levels. The breadth of these
capabilities has expanded the ambitions of our field. Intelligent systems that can learn and
act in the world are a natural extension of these newly acquired capabilities.

However, these achievements raise important questions about who will control future
capabilities and how AI will serve society. Figure 12.1 portrays two possible trajectories
in Al development. A popular thesis is that increasing scale will ultimately help models
perform at the level of humans for any task. So far, we have not seen any evidence of
this level of generalization. Instead, we are observing spectacular performance in narrow
domains through tremendous scale.

Developing these specialized models requires substantial data, computation, and engi-
neering. Organizations with vast resources will retain control over emerging capabilities,
and their commercial priorities need not reflect the full range of tasks that matter to people.
I believe that more people should have the ability to adapt intelligent systems, in order to
provide the tools for Al to serve the people and use fewer precious resources.
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This provides an important motivation for academic research: developing methods that
allow more people to build useful capabilities with fewer resources. In robotics, efficient
world models offer a concrete direction. World models can learn reusable knowledge of
geometry and motion, focus predictions on the physical structure relevant to an interaction,
and connect those predictions to actions. This thesis contributes methods toward this goal.

Concrete directions for future work. Future work may explore pushing spatiotempo-
ral representations to be more general and efficient than those contributed in this thesis.
Multimodal generation as in ModAR can predict many properties of a scene, but much of
the predicted content is irrelevant to robotics. For example, a robot inserting a key into a
lock needs precise information near the contact region, while coarser information may be
adequate elsewhere. Predicting all regions, or even each sample, is unnecessary.

A promising direction is hierarchical world modeling. Predictions should focus on
likely contacts, occluded task geometry, and the motion needed to complete the interaction.
Extending this idea across modalities will allow models to select which future quantities to
generate for a particular decision, instead of always predicting a fixed set.

The central difficulty is in learning what a model can omit. Relevance can change during
an interaction, and a region that initially appears to be unimportant can become an obstacle
or a source of failure. A useful hierarchy must preserve enough context to revise its focus.

Another promising direction is to use world models for autonomous data collection at test
time. We can train a world-action model’s observation-prediction component on interactions
without robot action labels or task success. An open question is which interactions a robot
should collect to improve action generation.

World models could also inform safer exploration by anticipating undesirable outcomes
or identifying when a robot should not trust a prediction. Evaluating uncertainty, failure
detection, and recovery during adaptation would help reduce unrecoverable interactions. The
goal is sustained improvement in reliability and throughput with limited human intervention.

12.4 Closing perspective

This thesis develops spatiotemporal representations that focus on learning information
relevant to robot manipulation while remaining general and scalable. I develop methods to
reconstruct and generate geometry and dynamics, and connect predictions to robot actions.

The broader opportunity is to let robots acquire knowledge from diverse visual experi-
ences and specialize it through limited task-specific interaction. SOLF provides a framework
to pursue that opportunity while keeping representation design tied to its practical purpose:
information that is sufficient to act, obtainable at useful scale, learnable with available
resources, and focused on the demands of the task. Progress in focused prediction, online
adaptation, and the role of generation can bring this research closer to manipulation systems
that are capable and economical to deploy.
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