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Abstract—We introduce Vysics, a vision-and-physics frame-
work for a robot to build an expressive geometry and dynamics
model of a single rigid body, using a seconds-long RGBD video
and the robot’s proprioception. While the computer vision com-
munity has built powerful visual 3D perception algorithms, clut-
tered environments with heavy occlusions can limit the visibility
of objects of interest. However, observed motion of partially oc-
cluded objects can imply physical interactions took place, such as
contact with a robot or the environment. These inferred contacts
can supplement the visible geometry with ‘“physible geometry,”
which best explains the observed object motion through physics.
Vysics uses a vision-based tracking and reconstruction method,
BundleSDF, to estimate the trajectory and the visible geometry
from an RGBD video, and an odometry-based model learning
method, Physics Learning Library (PLL), to infer the “physible”
geometry from the trajectory through implicit contact dynamics
optimization. The visible and “physible” geometries jointly factor
into optimizing a signed distance function (SDF) to represent the
object shape. Vysics does not require pretraining, nor tactile
or force sensors. Compared with vision-only methods, Vysics
yields object models with higher geometric accuracy and better
dynamics prediction in experiments where the object interacts
with the robot and the environment under heavy occlusion.
Project page: https://vysics-vision-and-physics.github.io/

I. INTRODUCTION

In-the-wild manipulation will require robots to encounter a
vast array of different objects. While some might be recog-
nized from an existing database, others will require physical
interaction to be newly understood on the spot. Dexterous
manipulation of these objects will benefit from the ability
to rapidly learn or identify object properties: geometry is
most critical, but inertial properties are also valuable for
predicting motion, particularly under forceful manipulation.
Use of such models boasts the benefits of interpretability and
expected generalizability, at the cost of requiring the model.
This paper presents Vysics, which builds dynamics models of
novel objects from vision and physical interaction, even in the
face of substantial visual occlusions (Figure [T).

Rapid modeling requires combining all available infor-
mation in a unified fashion. This work leverages recent
results from visual tracking and object reconstruction [66]
in combination with contact-implicit model learning [9} 153|]
via the shared connection of object geometry Depth camera
measurements on an object’s surface are direct observations of

(b) Vysics (ours)

(a) BundleSDF [66]

Fig. 1: Vision-based shape reconstruction (projection shown in
green) can be limited by occlusion. Fusing vision and contact-
rich physics, our method recovers the occluded geometry
through object interactions with the robot and environment.
The robot end effector in yellow shows the robot-object
interaction.

portions of its geometry, and observations of the object’s state
evolution can inject more geometric information when contact
is inferred. Visual information is limited by occlusions, but
contact, which typically occurs on visually-occluded faces of
objects, provides a secondary source of information: “physi-
ble” geometry.

Consider the example depicted in Figure [I| of a robot arm
interacting with an object, which is significantly obscured by
a stack of books in the foreground. A vision-only approach
would only reconstruct the portions of the geometry that is
visible but is also able to detect object motions. By reasoning
about physics, we can infer more about the geometry by
assuming object trajectories are explainable by its physical
interactions with the environment and robot. In the Figure [I]
example, the robot end effector is occluded as it pushes the
object from its occluded end. While not explained by visible
geometry, this guides estimation of the “physible” geometry,
namely that the geometry should extend to the right to make
contact with the robot.

Estimating geometry through contact-rich interactions is not
a trivial problem. Object trajectories result from the sum of
all forces on the object, including continuous and contact
forces, whose interplay relies on more object properties than
just geometry [9]]. Additionally, making and breaking contact
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introduces multi-modality into the dynamics, further compliprompted camera-frame shape completion from partial point
cating system identi cation_ |5, 52]. We take an approach thatouds [63, 46] or RGBD observations [69, 37], with recent
embraces the multi-modal nature of the dynamii¢s [8, 53], staextensions to multi-object scenes [68, 30]. Moreover, advances
ing by feeding it visually-estimated trajectories, then fusingp image generation models [54], 3D scene representations
visually-observed with physically-inferred geometry. [44, 32], and large-scale 3D object datasets [22, 21] have
Our aim is to leverage vision and contact-rich physics tepurred 3D generative pipelines [39, 42, 27, 38, 71, 76],
perform dynamics model building directly from RGBD data inhough these typically require unobstructed RGB inputs and do
extreme low data regimes — learning a dynamics model whaset integrate depth. Unlike these vision-only and data-driven
geometry matches or outperforms vision-based approacldternatives, Vysics requires no pretraining or canonical pose
while learning other critical simulation parameters like inertimssumptions: it relies solely on vision-based measurements and
with only seconds of data. physics-based hypotheses extracted from a short RGBD video

A. Contributions and Outline to regress a class-agnostic shape.

We make the foI_Iowing contributions in this Yvork: 'B. Vision-Based Object Pose Estimation
Introduce Vysics, a novel method that builds expressive
dynamics models of objects from RGBD videos featuring While there are many works that perform robotic manip-
contact-rich trajectories. With seconds of data, Vysics cat@tion without explicitly estimating object poses (e.g. [14]),
identify an object's geometry with no fundamental prior@ccess to object pose estimates remains a commonplace as-
as well as its inertial properties, automatically generatir@JmptiOﬂ in robotics. Classical vision-based pose estimators
an accompanying Uni ed Robotics Description Formatequire the 3D shape model of the target object to facilitate
(URDF) le and mesh. the pose estimate [34, 33, 51], often impractical in realistic
Present and make available a new RGBD video datag@plications. Other new approaches do not require geometry
of a Franka Panda robot arm interacting with objects dRodels beforehand [67], but this has its own challenges.
a table in the face of signi cant visual occlusions (coddodel-free methods without this assumption rely on sparse
and data can be found on dur project page). keypoints, dense optical ow, or deep features with reference
Demonstrate our method's ef cacy on shape reconstrui@mes with known pose [12, 59], without building a coherent
tion and learning dynamics models. We compare agairftiect model. Such approaches are susceptible to long-term
vision-only shape reconstruction and show the bene &ift, though even weak geometry-based supervision can help

of the additional contact physics information source with28]. Limiting a pose estimator’s scope to tracking in-category
small amounts of data. objects can boost pose accuracy [36, 23, 15], but limits

In g1 we review related work from computer vision and¥eneralization.
dynamics model learning. We discuss preliminaries for our _ .
work in §TT before outlining Vysics in [BIY. Y describes C. Simultaneous Tracking and Shape Reconstruction

experiment details beford VI presents results, followed by agecent computer vision works combine the pose and shape
discussion of limitations in[8V)I and conclusion if 8VIIl.  oqtimation problems [75, 31, 66, 58]. Solving both problems
I1. RELATED WORK simultaneously has its bene ts, including that maintaining a
A. Vision-Based Geometry Reconstruction and Completiongeorm.atry estimate can improve noyel-o_bject_ pose estim{ation
i ) ) , and vice versa [57, 64]. Other applications include multiple
. antact is at the heart of robotlp .manlpulatlon, and CO_”tagﬁarse-view alignment [40, 59, 33] and single-view pose
is driven by geometry. Computer vision has made strides in g&siimation [48, 74].
ometry reconstruction from image inputs. Dense visual SLAM
systems|[[10, 61, 41] recover dense geometry from multi-vieﬁl
RGB or depth streams, yet leave occluded regions unresolved.
Neural implicit methods represent shapes as continuous elds:System identi cation is an important robotics sub eld that
foundational works like [50, 43] encode object-level geometrgims to build accurate system models, which can then be
while [6, 47] extend these representations to full scenes. leveraged via model-based control techniques. Differentiable
When portions of the object remain unseen, learned cosimulators [35, 29, 20] have pushed recent advancements,
pletion methods infer missing geometry from partial datdhough they can struggle to nd good solutions when applied
Synthetic shape datasets [13] enable learning shape priorsnofontact-rich settings [5, 8]. While high-stiffness contact dy-
common object categories, facilitating various tasks includingamics generally are a challenge for system identi cation [52],
shape completion [72, 19], point cloud completion [73, 16more creative strategies can make nding inertial parameters
and single-image shape reconstruction [45, 18]. Howev§24], contact parameters [53], or both [9] possible and ef cient.
most operate in an object-centered canonical frame, limitiddany of these methods rely on access to state information,
their applicability to raw sensor data, with a few exceptionigmiting their use to lab-based settings where ducials are
[62, 55] leveraging 2.5D representations to guide cameravailable, or necessitating integration with a generalizable
frame shape learning. Robotics and VR applications havision-based solution.

Trajectory-Based Dynamics Model Learning
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E. Physics as a Prior for Shape Reconstruction

Some prior works have used physics as a prior for shape
reconstruction. Unlike Vysics, these other works either assume
objects of interest are statically stable [49, 3] or avoid learning
other non-geometric dynamic properties like inertia [1, 56].
The most similar in spirit to Vysics is [56], as they recon-
struct geometries with occlusions through physical robot and
environment interactions. While [56] avoids the problematic
gradients in contact-rich scenarios by using a gradient-free
search over a discrete set of hypothesized geometries, Vysics

leverages smooth, implicit-based losses and thus can directly _ . , ,
regress the object geometry based on visual measuremehtd: 2 A 2D depiction of the physical meaning of a DSF (3)
d its implication on the SDF (1). Shades of green points

This enables Vysics to avoid the need for a high-dimensior%rl‘ )
ve exact SDF values and are subject to (8), and the orange

graph search that limits geometries to a relatively small set I ; X )
possibilities. example pointg's signed distance can be lower-bounded by

the supporting hyperplane as in (11).
I11. BACKGROUND

Vysics leverages a vision-based pose and shape estimation
tool, BundleSDF [66], and a physics-inspired dynamics leartiterested readers to [66] for more details on BundleSDF loss
ing tool, Physics Learning Library (PLL) [9, 53], which arecomponents. Upon termination, the marching cubes algorithm
described in §llI-A and §l1I-B, respectively. Neither of thes@xtracts a mesh from the underlying SDF.
tools requires pretraining on an extensive dataset. BundleSPF . . . .
and PLL both train on and generate results from only the Physics-Inspired Dynamics Learning
measurements provided or inferred by their per-instance inputPLL [9, 53] is an odometry-based method that jointly
data, making them suitable for immediate application whenl@arns continuous and contact dynamics of objects undergoing
robot encounters and needs to model an object. contact-rich trajectories. Given only a state trajectory (no
) o direct observation of contact events), PLL is able to iden-
A. Vision-Based Pose and Shape Estimation tify the geometry, frictional properties, and inertia, all from
BundleSDF [66] takes masked RGBD videos as input, amypothesizing contact forces that best explain observed state
outputs both estimated poses of the object over time as wedlnsitions. Its key insight is in its implicit loss formulation,
as a geometry estimate. It is built on top of the generalizablghich has provably better generalization than alternatives
model-free 6D pose tracker, BundleTrack [65]. Alongside th®at require differentiable simulation [8]. The loss applies a
pose estimator, BundleSDF introduces a parallel Neural Objegist to the current model belief's incompatibility with the
Field that simultaneously maintains an estimate of the objectigpothesized contact forces; see [9, 53] for more details.
geometry, which is used to further re ne the estimated posesThe geometry of the object directly determines when it
to encourage long-term consistency. makes and breaks contact with the robot and environment, thus
To represent geometry, BundleSDF uses a signed distapt®ying a critical role in its dynamics. PLL solves the inverse
function (SDF), an expressive implicit shape representatipfoblem: estimate the contact geometry from observed dynam-
with no imposed restrictions such as an inherent resoluti@gs. The estimated geometry is represented using PLL's deep
limit or convexity prior. Due to their expressivity, SDFs havgupport function (DSF) [25], an input-convex, homogeneous
seen great success in representing shapes of objects @oeb neural network [4]. Like an SDF, a DSF has no inherent
environments, even with generalization to unseen objects [5@solution limits, however it can only represent the convex
An SDF is a function of the form, hull of any given shape. In our application where our robot
_ o interacts with convex and nonconvex objects, this assumption
SDHp) = d; @ . - o -
is satis ed as long as collisions occur only on the object's
where any 3D poinp relative to a geometry's reference frameconvex hull. A DSF has all the expressivity required for those
can be queried, and the scalar signed distahegvay to the scenarios while also being concise and fast to compute.
nearest surface point is returned. See Figure 2 for illustration. A DSF's input can be any 3D point, but for physically
From RGBD data, not only do depth returns imply points aheaningful outputs, PLL only queries the DSF with unit
whichd = 0, but samples along the camera rays of valid objegectors. A DSF takes as input a unit vector in the object's body
depth returns can additionally yield supervision for points witiframe and outputs the scalar distance the geometry extends
d > 0. The result is that BundleSDF trains its neural networik that direction [7]. The gradient of a DSF with respect to
SDF with supervision from sets of points and signed distanciés input is (almost always [25]) the 3D point on the object
f(p;d)ig. BundleSDF implements a hybrid SDF model on thigeometry that extends furthest in the queried input direction.
set of points, by only regressing points whose target signbththematically, for an object whose surface (or volume) is
distance is within a truncation distance, as in [60, 50]. We refegpresented by the s&, a DSF yields the following output



Fig. 3: Detailed Vysics diagram. Blue arrows denote the vision-based information ow through BundleSDF [66], and
arrows for PLL [9, 53]. Purple arrows indicate the unifying connections Vysics makes to factor both vision and contact-rich
physics into the geometry learning problem.

and gradient, This is exported as a URDF which can be simulated to produce
_ dynamics predictions.
DSH") = T"’Z‘)S( si @ The basis of our contribution is in how we unify the visible
rnDSF(M)=argmax s; ® =: s (3) and “physible” geometry measurements together. 8IV-A dis-
$i 25 cusses how vision helps in the contact learning problem (f),
The queried normal direction and its associated supportand 8IV-B describes how we inject the geometric information
point s fully de ne a supporting hyperplane of the objectestimated from the contact dynamics back into the vision-
geometry [11]. See Figure 2 for an example of a queridised shape estimation (i).
normal directiom, its corresponding support poist and the
constraints they impose on the SDF (explained in detail
section IV-B). A mesh may be exported by PLL with vertices Contact-based geometry reconstruction has the ability to
fs g as outputs of 4 DSF on a uniformly sampled set of unitlearn the full convex hull of any shape as long as every point
vectorsfritig. on its convex hull makes contact with the known environment
plane or robot over its recorded trajectory. In extreme low-
IV. APPROACH data regimes where many sides of the geometry never contact
Figure 3 illustrates Vysics from input RGBD videos andhe robot or ground, the complete geometry is unobservable,
robot states (left) to URDF output (right). Its core componen&nd the solutions of the geometry that can accurately explain
are BundleSDF [66] for vision-based tracking and shagbe trajectories are non-unique. Since PLL's violation-based
reconstruction, and PLL [9, 53] for physics-inspired dynamidsplicit loss function has terms that scale with the magnitude
learning. Beyond the insights that led to this systems integmaf-inferred contact forces [53], it is encouraged to nd the DSF
tion, our main contribution lies in how Vysics incorporateshat minimizes the inferred contact force magnitudes while
these two powerful tools together such that they superviegplaining the trajectory data. In nding a geometry-force
each other and output an object dynamics model, featuringmbination that explains a net observed torque, PLL can be
geometry informed by both vision and contact. biased to learn large geometries to increase lever arms and thus
Referring to the labeled arrows in Figure 3, we obtaireduce force magnitudes. Without intervention, this scenario is
the object trajectory (b) and the initial shape estimates (€mmon and problematic in low-data, where many sides of the
from masked input RGBD images (a) via BundleSDF. Thebject may never contact the robot or ground. However, vision
object trajectories are converted to an inertial reference frang@n provide an additional source of information (denoted by
where the table surface (d) identi ed in the depth images @iperscript’) to disambiguate the possible geometries that
on a known plane. From this plane (d) and the processewy explain the trajectory.
poses (e), PLL detects “physible” portions of the geometry Given an RGBD video, BundleSDF yields an object mesh
by inferring contact events in the observed dynamics. PLL @®rresponding to the zero SDF level set. We rst calculate the
also subject to supervision from BundleSDF (f) to encourag®nvex hull of the mesh since DSF in PLL can only represent
consistency with the visible geometry. BundleSDF runs agaitpnvex shapes. Then, we apply a visibility check to preserve
fusing both the visible (a) and “physible” data (i) into aonly the vertices visible in the RGBD video, and we call this
geometric model consistent with both information streamset of pointsV, the visible geometry.
The nal output of Vysics inherits the physics-supervised The visible geometry can supervise the surface predicted
inertial parameters (g) and jointly-supervised geometry (py PLL's DSF. For eacts¥ 2 V, we wish to penalize the

N Supervising Contact-Based Geometry with Vision



1) From PLL to the “Physible” GeometryThe DSF from
PLL can be represented as a setr ddSF input/output pairs,
f ("P; sP)g. However, only the local area where contacts hap-
pened may be effectively supervised through contact dynamics
optimization, while the geometry of other areas is ambiguous
with unreliable DSF value. Therefore, we Iter the set and only
preserve arfriP; sP) pair if it is associated with contact force,
estimated by PLL, above a certain threshold. The Itered set,
P, is the “physible” geometry output from PLL.
2) Support Point LossGiven a “physible” geometry data
(@) Supervising contact- (b) Supervising vision-based sprPoint (P;sP), not only is s on the object bounda.ry and
based DSF network with network with “physible” geometry Should have SDEP) = 0, but we can usetP to infer
visible geometrys’ 2 V. "P;sP)2P. constraints on the local geometric region. Consider the ray
Fig. 4: Visualization of the loss functions as the incorporatio?ﬁ.from Zp pomgngz; "g)_ cilrectlon:p. An¥/ pomthon th's. ray(,j
of vision and contact dynamics. Blue represents the geome .gg a distanc | [0:1) on the ray froms, has a signe
learned from vision, and green represents the geometry lear ééance of exactly,
from contact dynamics. SDF(s? + InP) = I @)

See Figure 2 for illustration. Feg' = s° + InP, we denote
SDKs) := | to represent the signed distance induced from
DSF. If we extend the possible range fbrvalues to go
negative, i.e.l 2 [ ;1 ), then we can encourage zero-
ks  sVk: (4) crossings in the SDF network, but the negative signed distance
values may not be strictly correct for certain geometries and
o } _ choices of . In practice, this can be accurate enough during
However, it is not straightforward to locate thiesurface point supervision with small and enables more meaningful change

on the DSF closest to a given point, since the DSF is &g the geometry surface. Thus, we introducsuaport point
implicit shape representation. To approximate, we sample @< for sv 2 P o(ftP; sP)

DSF to create a mesh and nd the posﬁ‘? on its surface that 5
is closest tes¥. The vector Lsp= SDHs') SDHs') °; (8)
v p°
A = kzv poK (5) where |
Psp(tP;sP) = fs'js" = sP+InP; 12 ;1)9 (9)

IS an agprczmmpaﬂon of the querymg_vectdrp such that is the set ofsupport pointsinduced by the “physible” point
r DSF('.‘} ) = . The approximation is up to th_e angularr';p;sp)_ Lsp encourages signed distance consistency at and
resolution of the gnlt \(ector samples V\ghen converting the D round observed “physible” points. Figure 4b depicts four such
to a mesh. The direction of the vectbf is chosen to always sampled points’ and their supervised signed distance values
point outwards from the shape. In the end, we use | induced from a single support poist.

L= 1 X DSER P v 6 3) Hyperplane-Constrained Los©n this ray, (8) imposes

bsdl ™ Vi rDSHA™) s ) strong supervision on the SDF network, though only local
srav to areas near PLL-inferred contacts. However, as depicted in
as the vision-based supervision of the PLL training. See Figigure 2,any point g can have its signed distance minimum-
ure 4a for an illustration. See Appendix A for hyperparametenisounded based on a support direction/point irs). Con-
inClUding the relative loss term WelghtS in PLL. sider a pair(np;sp) 2P, its Supporting hyperp|ane |mp||es
that the signed distance at’ can be lower bounded by the
distance froms" to the supporting hyperplane,
As mentioned in section IV-A, the SDF estimated by 0 0

BundleSDF may only capture the visible geometry, while SDRs") s* s nP: (10)
PLL estlm{ites a convex shape, in the form of DS_F’ theﬁ]us, we introduce &yperplane-constrained lossvalid for
best explains the trajectory through contact dynamics. Wey ov° o R3,
combine the two streams of information into a single geometry 5
estimation. We use SDF as the nal geometry representation, |, =min 0; SDRs') (s s°) AP : (11)
given its capability to model non-convex shapes. The SDF
training in the BundleSDF is run on the RGBD video foFigure 4b gives one example of a poist"cO whose signed
the second time but with new contact-induced losses from tHistance is lower bounded with respect to a support direc-
DSF, as introduced below. tion/point (8). While s’ may be sampled arbitrarily, we

distance from the nearest surface pasfitpredicted by the
DSF,
1 X

M sV 2V

B. Supervising Vision-Based Geometry with Contact
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