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Abstract

This paper introduces V-Sysld, a novel method that enables simultaneous keypoint discovery, 3D
system identification, and extrinsic camera calibration from an unlabeled video taken from a static
camera, using only the family of equations of motion of the object of interest as weak supervision.
V-Sysld takes keypoint trajectory proposals and alternates between maximum likelihood parameter
estimation and extrinsic camera calibration, before applying a suitable selection criterion to identify
the track of interest. This is then used to train a keypoint tracking model using supervised learning.
Results on a range of settings (robotics, physics, physiology) highlight the utility of this approach.

1. Introduction

An understanding of the motion and physics of
objects in the real world is a hallmark of the
human visual system. Humans have the abil-
ity to identify objects and their properties (eg.
mass, friction, elasticity) as they move and inter-
act in the world, due to our intuitive understand-
ing of common trajectories, object interactions,
and outcomes. This ability is typically studied
under the umbrella of intuitive physics (Battaglia
et al., 2013; Ullman et al., 2014; Hamrick et al.,
2016; Baker et al., 2017), and often considered
a critical component for machines to be able to
think more like humans. In the context of ma-
chine learning systems, this ability can be dis-
tilled to a requirement for unsupervised 3D ob-
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Figure 1: Given an unlabeled video contain-

ing moving objects and an equation of motion,
our V-Sysld identifies the trajectory of the ob-
ject of interest, along with its physical parame-
ters (e.g. restitution coefficient, initial height),
and 3D pose relative to the camera.

ject localization and physical parameter estimation (also known as system identification) from a
sensory stream, subject to some inductive bias or intuitive physics prior.
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Figure 2: V-Sysld comprises 3 stages. Stage 1 extracts keypoint tracks from a video using a grid
keypoint detector + KLT tracking. Each of these 2D tracks is passed to Stage 2, where the physical
parameters = T ;Po; Vog of the 3D equation of motion T, and the camera pose parameters R; t
are optimized in order to minimize the difference between the projected 3D trajectory (black, Stage
2) and the 2D keypoint track observed (red, Stage 2). Stage 3 chooses the best trajectory and
corresponding parameters as those which maximize the sum of projected likelihood and a trajectory
entropy criterion. Here, a bouncing ball scene with 2 moving distractors is shown, where the ball is
correctly identified as the object that corresponds to the highest entropy motion under dynamics .

Taking inspiration from this view, this paper introduces V-Sysld, a novel method that enables
simultaneous keypoint discovery, 3D system identification, and extrinsic camera calibration from
a single unlabeled video taken from a static camera, using only the family of equations of motion
of the object of interest as weak supervision. Crucially, our approach is able to identify the correct
object(s) in a scene even in the presence of other moving objects or distractors. This property is key,
as it greatly increases applicability to real world scenarios, enabling the system to solve queries like
“find the 3D location of the bouncing ball, and determine its restitution coefficient”.

V-Sysld follows a 3-stage process of keypoint track proposal, optimization, and selection, shown
in Fig. 2. The optimisation process alternates between maximum likelihood extrinsic camera cali-
bration and maximum likelihood physical parameter estimation for motion tracks detected in video.
This joint optimisation can be unstable, which we address through the inclusion of a curriculum-
based optimisation strategy, alongside a maximum entropy criterion for keypoint identification. A
key benefit of V-Sysld is that a neural network is not needed for discovery or system identification in
our pipeline. This means that V-Sysld enables keypoint discovery with high-resolution images; and
can also perform system identification in single videos, without the need to obtain large datasets,
which is particularly useful in robotics applications, where data collection for neural network train-
ing can be laborious and time-consuming. The keypoints discovered by V-Sysld can be used as
pseudo-labels to train a supervised keypoint detector, for downstream tracking or control.

These properties provide significant flexibility to V-Sysld, enabling its use in real world en-
vironments with important applications for control, physics understanding, and health monitoring.
Specifically, we show that the V-Sysld can be applied to end-effector localization and extrinsic cam-
era calibration, bouncing ball discovery and physical property estimation, and breathing frequency
estimation from chest videos - all unlabeled and without regions of interest provided a priori. This
is made possible by the fact that V-Sysld identifies keypoints belonging to objects of interest present
in scenes, while ignoring any other moving objects or artifacts that do not follow the expected dy-
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namical constraints. This alleviates the need for hand-crafted object segmentation methods or tricks
to selectively remove parts of the image that may contain moving distractors; and allows keypoint
discovery at a fraction of the computational expense of unsupervised neural methods that learn to
identify and model every moving object in an image.

2. Related Work

System identi cation and physics understanding are key to allow machine learning agents to inter-
act with the real world. System identi cation is typically performed using proprioceptive trajectory
data directly, and there has been extensive research across a range of elds (Juang and Pappa, 1985;
Brincker et al., 2001; Brunton et al., 2016; Wu et al., 2015, 2017; Li et al., 2020b) in support of this.
Recent contributions include developments in physical parameter estimation (Belbute-Peres et al.,
2018; Cranmer et al., 2020), simulator learning (Qiao et al., 2020; Sanchez-Gonzalez et al., 2020),
simulation alignment for robot interaction (Asenov et al., 2019), trajectory generation (Jegorova
et al., 2020) and compositionality (Abraham et al., 2017; Li et al., 2020a).

Unsupervised system identi cation from vision is a recent area of research that removes the re-
guirements for trajectory data, with approaches including unsupervised physical parameter estima-
tion (Jaques et al., 2020; Kandukuri et al., 2020; Murthy et al., 2020), structured latent space learn-
ing (Karl et al., 2017; Guen and Thome, 2020; Jaques et al., 2021), and Hamiltonian/Lagrangian
learning (Greydanus et al., 2019; Toth et al., 2020; Zhong and Leonard, 2020). Unfortunately, these
approaches are still relatively limited in the complexity of scene they can model, and typically re-
stricted to toy problems and simulated environments. In this work we aim to improve upon Jaques
et al. (2020); Kandukuri et al. (2020); Murthy et al. (2020)'s limitation to simulated environments
by performing physical parameter estimation on real dynamical scenes with distractors.

The seminal GALILEO model (Wu et al., 2015) demonstrated physical system identi cation
and simulation alignment using the Physics101 dataset (Wu et al., 2016). A key shortcoming of
Galileo is that it assumes that the camera is parallel to the plane of motion, and relies on manually
identi ed object tracks to lift the visual scenes onto object positions. In contrast V-Sysld is able to
simultaneously estimate 3D trajectories and camera pose relative to the scene from arbitrary camera
angles, greatly increasing its applicability to real world scenes. Furthermore, V-Sysld automatically
identi es object tracks from keypoint proposals without needing human intervention, allowing the
discovery of objects of interest in video that are governed by the relevant equations of motion.
Keypoint discovery: Keypoints are a natural representation for object parts, with keypoint detec-
tion and tracking one of the earliest and most studied areas of computer vision. Approaches like
SIFT (Lowe, 2004), FAST (Rosten and Drummond, 2006) and ORB (Rublee et al., 2011) are still
widely used to perform SLAM, SFM, VBand other tracking tasks (using, e.g. a KLT tracker
(Tomasi and Kanade, 1991)). Given keypoint trajectories, the problem of inferring the 3D structure
of a 2D trajectory using assumptions about the dynamics has been coined "trajectory triangulation”
by (Avidan and Shashua, 2000; Kaminski and Teicher, 2002), who assume that objects follow a
straight-line or conic-section trajectory in 3D space, and that physical parameters can be uniquely
identi ed using multiple cameras. In contrast, our method assumes only a single static monocular
view. Other approaches to infer moving object structure using motion constraints include (Fitzgib-
bon and Zisserman, 2000; Han and Kanade, 2003; David et al., 2004; Scaramuzza et al., 2009).

1. Simultaneous Localisation and Mapping, Structure-from-Motion, Visual Odometry.
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When it comes to 2D keypoint discovery, several recent works have proposed neural network
based methods that use a regularized reconstruction objective to discover objects of interest in an
image (Jakab et al., 2018, 2019; Kulkarni et al., 2019; Minderer et al., 2019; Gopalakrishnan et al.,
2020; Das et al., 2020), which can be used for downstream control tasks. However, these approaches
lack the ability to estimate keypoint depth, limiting their application in realistic control scenarios.
Even though these approaches obtain semantically meaningful keypoints (and in some instances are
able to ignore scene objects with unpredictable motion (Gopalakrishnan et al., 2020)), they require
visual inspection in order to obtain interpretability. In contrast, V-Sysld provides equation-driven
keypoint discovery, ensuring a known semantic meaning for learned keypoints. A parallel stream of
research tackles this from a geometric perspective, where 3D keypoints are inferred using camera
motion cues or geometric constraints (Suwajanakorn et al., 2018; Jau et al., 2020; Vijayanarasimhan
et al., 2017; Wei et al., 2020). Even though this approach has been used in complex real world
settings, these keypoints lack semantic meaning, making these unsuitable for semantic discovery
gueries (eg" nd the bouncing ball following these dynamicy”

The use of dynamics as a learning constraint has not been explored in keypoint discovery litera-
ture to date. This work proposes a method to integrate dynamical inductive biases into the keypoint
discovery process, enabling extrinsic camera calibration and physics-guided discovery of objects of
interest alongside the corresponding physical parameter estimation.

3. Method

Our goal is to discover the 3D trajectory of an object of interest in a video with possibly many
moving objects, given only its family of motion dynamids, To this end, we must estimate: a) 2D
keypoint locationsk; of the object of interest in each franhg b) physical parameters and initial
conditions , of the equation of motioh( ); and c) camera rotation and translation relative to the
scengR; t]. Joint estimation of these quantities would be intractable, so we split the objective into
tractable components. Our method, V-Sysld, has 3 stages (Fig. 2). We rst describe the physical
parameter+camera pose estimation stage.

3.1. Physical parameter and camera pose estimation

Setup: Let us assume we have a set of N 2D keypoint tracks fR7.. g\_; across the videb, 1,
and a family of 3D equations of motidnwith unknown physical parametersand initial position
and velocitypo andvg, respectively. The equatidn can be rolled out oveF time steps using a
standard integration method in order to obtain a 3D trajeqiery = f ( ), where =f ;po;Vvog.
Objective: Our goal is to maximize the likelihood of the observed keypoint trajedtary w.r.t.
the physical parameters and initial conditionsand the camera rotation and translatigh]:

;R it =argmax p(Kitj ;R;t); (1)
Rt
where we factorize the trajectory likelihood as:
Y Y
p(Ritj sRit)=  p(Rj ;Rit)= N (Rijke( sR;t); ?); 2)

t t
and k¢( ;R;t) are the 2D projection of the simulated 3D trajectory (given by )),

with Ki( ;R t) = [ Pxt =Pzit; Py:t=Pzit]l, Pt = M [R t]p¢, andM is the intrinsic camera ma-
trix. In this work we assume known camera intrinsics.
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In order to reduce the space of possible solutions (and therefore local minima) of Step 1 above,
we restrict the camera rotation matfk to have roll= 0. This means the camera cannot rotate
about its projection axis, which is the case in the vast majority of settings. Using the projection
plane in camera coordinates & and the projection axis ag we parametriz&k asR(; ) =
EulerRotationMatrix ; ; 0), where , and =0 correspond to the pitch, yaw and roll, respec-
tively. We found that this parametrization greatly improves results and optimization stability.
Optimization: To maximize (2) we apply an iterative optimization procedure. Given an initial
estimate for , R andt, we alternate the following steps until convergence:

1. Keeping xed, maximize (2) w.r.t.R andt using gradient descent;

2. KeepingR andt xed, maximize (2) wrt using gradient descent (with numerical or analyt-

ical (Belbute-Peres et al., 2018) differentiation) or global optimizer (e.g. CEM (Rubinstein,
1997); BO (Mockus, 1989)).

Estimation of the physical parameters over the full sequence (possibly hundreds of timesteps) is
prone to local minima, as parameter dependency can be highly noréliféus is further affected
by the use of a non-optimized camera pose at the rst iteration. In order to address this, we start by
performing a step of physical parameter and pose estimation on a small initial trajectory interval,
To, addingm points to the trajectory at each iteration, as described in Algorithm 1 of Appendix B
for all appendices.

3.2. Trajectory proposal and Selection

Proposal: In an unlabeled video, ground-truth 2D keypoints are not available, but keypoint tra-
jectories are required to maximize the likelihood in (2). Joint estimation of physical parameters
with a neural network-based keypoint detector would be hard to optimize due to the dif culty of
backpropagating through physics rollouts and camera projection into a CNN in a stable manner (As
mentioned in the code repository of (Jaques et al., 2020), this is quite challenging, and sometimes
seed dependent). Therefore, we propose a simpler, more robust approach: We extract keypoints
from the rst frame of the video using a keypoint detector, and track them using an optical- ow-
based tracker. This produces a set of 2D keypoint trEigks and allows physical parameter+pose
estimation to be performed for each track independently.

Selection: Once the physical parameters and pose are estimated for each keypoint track, the best
tracklet can be identi ed by isolating the highest projection likelihood (2). However, in order to
prevent trivial keypoint tracklets from being chosen (since a static keypoint will easily attain max-
imal likelihood), we add a temporal entropy term to the likelihood, such as the temporal standard
deviation of the observed trajectory, resulting in the following selection criterion:

nP*'=argmax p(ki.rj ;R;t)+ Stddey(K].r) (3)
n21:N

This nds the highest entropy trajectory that satis es the physical motion constraints. The full
V-Sysld procedure is depicted in Fig. 2 and pseudocode is shown in Algorithm 1 in Appendix B.
Inference at run-time: Once the V-Sysld procedure is complete, keypoints are available for the
objects of interest in each frame in the video. These can be treated as pseudo-ground truth keypoints,
and used to train a neural network (or another visual object detector) by supervised learning, in order
to perform fast keypoint detection at run-time.

2. Global optimizers have a slight advantage in this case, although they require very many iterations to nd a good
minimum. Adjoint state methods could also be valuable here.
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Bouncing ball with unknown velocity, initial height, and restitution coef cient.

Archimedes spiral with unknown radius, radius increase rate, and angular velocity.

Figure 3: Discovered object and 3D perspective given the only the family of equations above as
weak supervisionTop: Example bouncing ball scene. More scenes can be found in the Appendix.
Bottom: Spiral robot arm end-effector in a real lab setting.

4. Experiments

Keypoint detection and tracking: We detect keypoints in the rst frame by taking a 10x10 grid
across the frame, and use the KLT algorithm to track these across the video. We show comparisons
between grid, ORB, SuperPoint and LF-Net keypoint detectors in the Appendix.
Track ltering:  Since the grid keypoint detector extracts hundreds of keypoints, we remove tracks
whose length is less than 60% of the full video, and whose temporal stddev (3) is less than 10
pixel, prior to optimization. This reduces computation, as physical parameter + pose estimation is
performed on only the most feasible tracks.
Physical parameter estimation: The gradient-based BFGS (Fletcher, 2000) is used with numeri-
cal derivatives for physical parameter optimization. Although (Belbute-Peres et al., 2018) provides
an elegant method for analytical differentiation through contacts, we found it much harder to imple-
ment, and ultimately slower, than simple BFGS. Since the equations of motion considered here are
planar, thez component of/ is constrained t@. The remaining parameters are learnable.

On the rst iteration, the initial positiog is set to be the reprojection of the rst 2D keypoint
Ro onto thez = 5 plane in world coordinates. This results in an initial position whose camera
projection is the rst keypoint. The initial velocity isg = [0;0;0]. We found these settings
essential to avoid local minima in the incremental optimization.
Camera pose estimation: BFGS is also used with nite differencing for the camera pose optimiza-
tion step. The parametrization Bf on pitch and yaw provides a smooth objective that is easy to
optimize, whereas we found the PnP algorithm to result in large and not necessarily optimal jumps
between steps. We initialize the camera pose parametersd@s, =0, andt =[0;0;0].
Curriculum-based optimization: We use 25 input frames to start the optimization, adding 10
frames per iteration until reaching the full length of the sequence.
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