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Abstract
The paper presents a method for learning state representations of articulated mechanisms
consisting of multiple links connected by joints but not equipped with positional encoders,
from short sequences of visual observations of the mechanism collected by stationary RGB-D
cameras. The method leverages recent advances in algorithms based on deep neural networks
for long-term keypoint tracking in image sequences to extract tracks of matching keypoints
over time, even when some of them are temporarily occluded. Because keypoint tracking
is not perfectly reliable, we propose a novel method for robust clustering to discover how
many rigid bodies (links) the mechanism consists of by analyzing which points move together
and thus must belong to the same rigid body. Experiments with recently proposed longterm
keypoint trackers demonstrate successful state estimation of the kinematic structure of artic-
ulated mechanisms entirely from camera images, effectively allowing computation of inverse
kinematics and visual servocontrol for mechanisms such as robot arms, cranes, etc. even
without positional encoders.
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Abstract—The paper presents a method for learning state
representations of articulated mechanisms consisting of mul-
tiple links connected by joints but not equipped with posi-
tional encoders, from short sequences of visual observations
of the mechanism collected by stationary RGB-D cameras.
The method leverages recent advances in algorithms based
on deep neural networks for long-term keypoint tracking in
image sequences to extract tracks of matching keypoints over
time, even when some of them are temporarily occluded.
Because keypoint tracking is not perfectly reliable, we propose
a novel method for robust clustering to discover how many
rigid bodies (links) the mechanism consists of by analyzing
which points move together and thus must belong to the
same rigid body. Experiments with recently proposed long-
term keypoint trackers demonstrate successful state estimation
of the kinematic structure of articulated mechanisms entirely
from camera images, effectively allowing computation of inverse
kinematics and visual servocontrol for mechanisms such as
robot arms, cranes, etc. even without positional encoders.

Index Terms—Learning control, visual servocontrol, config-
uration learning

I. INTRODUCTION

The field of robotics is undergoing a generational shift
form robots that execute repeatedly the exact same motion
pattern over and over again, to advanced flexible devices
that adjust their operation based on rich sensory input
such as images of the robot work cell obtained through
cameras, as well as rich tactile information encoding contacts
with manipulated parts. The interpretation of such very
high-dimensional sensor observations, while opening new
possibilities for advanced automation, has proven to be
very laborious if done by means of manual programming.
Machine learning technology holds high promise to automate
the perception pipeline of robotic systems by acquiring end-
to-end visuomotor control policies.

Recent advances in deep reinforcement learning (DRL)
show that policies can, in principle, be trained end-to-
end using large neural networks that map high-dimensional
sensory inputs (e.g., images) directly to control signals
[1]. In practice, however, such training typically requires
millions of trials and is feasible mainly in simulation, which
itself demands building highly accurate and labor-intensive
environment models.

Humans and animals instead appear to learn visuomotor
skills more modularly: first developing structured interpreta-
tions of the world (e.g., objects and their motion), then using
these representations to learn task-specific control. Inspired
by this, representation learning aims to derive compact scene
representations and base control policies on them rather
than on raw sensory input. Ideally, these representations
correspond closely to the true dynamical state. For example,
a robot arm with n degrees of freedom is most compactly
represented by its n joint positions and n joint velocities,
which together form the standard control state.

Numerous approaches to state representation learning
(SRL) have been explored in recent years [2]. A common
strategy adapts general representation learning techniques,
such as autoencoders, which compress high-dimensional
inputs into low-dimensional features via a bottleneck layer
and reconstruct the input from this representation.

Unlike image classification – where position invariance
is desirable – SRL requires preserving spatial information,
motivating architectures such as Spatial Autoencoders (SAE)
[3], [4]. Some methods further integrate ideas from nonlinear
system identification, jointly learning state representations
and system dynamics as nonlinear state-space models [5].
While effective for systems with few degrees of freedom
(DoF), these approaches scale poorly as DoF increase, due
to rising sample complexity and the combinatorial growth of
possible configurations, which makes exhaustive sampling
computationally prohibitive.

In SRL for articulated mechanisms (e.g., robots or cranes),
strong inductive bias can be exploited: the system state
decomposes into the states of individual rigid bodies, so
sensory observations can likewise be decomposed into vi-
sual elements corresponding to those bodies [6]. Following
this approach, the Object-Based Inverse Kinematics (OBIK)
algorithm learns a mapping from camera images of an
articulated mechanism to its configuration vector [7], [8].
It detects 3D keypoints on links, clusters them into rigid
bodies via statistical testing, estimates each link’s 6D pose
relative to a reference image, and infers the kinematic chain
by analyzing pairwise rigid body transforms during motion.
Because it analyzes rigid-body motion independently, OBIK
avoids the combinatorial explosion typical of many SRL



methods: any observed relative motion between bodies en-
ables the algorithm to distinguish them and determine their
order in the kinematic chain.

The empirical evaluation of OBIK assumed access to ac-
curate keypoint tracks over the training sequence (whenever
visible), obtained from the MuJoCo physics engine [9]. In
real-world settings, however, keypoints must be detected and
tracked across image sequences, handling occlusions through
re-identification. This paper examines how practical keypoint
tracking can be integrated with the OBIK algorithm. Its
main contribution is the introduction into OBIK of a robust
clustering algorithm for mechanism link inference that can
tolerate the less-than-perfect capabilities of keypoint track-
ers, illustrated with an empirical verification.

Section II describes the problem the OBIK algorithm is
solving and Section III summarizes the algorithm briefly.
Section IV reviews methods for long-term keypoint tracking
in sequences of images under occlusion and Section V
describes the methods we use in the empirical investigation,
itself presented in Section VII. A novel method for robust
clustering of keypoint tracks is described in VI. Section VIII
proposes directions for future work and concludes the paper.

II. PROBLEM STATEMENT

Given a sequence Ik, k = 1, . . . , T , of T images of an
articulated mechanism in motion, collected by a stationary
camera, we want to learn a compact representation θ̂k
of the configuration of the mechanism that is functionally
equivalent (for the purposes of controlling the mechanism)
to the true configuration θk of the mechanism consisting of
all its joint positions at a given time, and a mapping/function
θ̂ = f(I) that will allow us to compute the mechanism’s
configuration given a novel image I of the mechanism at
a later time, when controlling it. Here, ”functionally equiv-
alent” means that the constructed configuration θ̂k should
have a one-to-one (and preferably, linear) mapping to the true
configuration θk. The learned mapping θ̂ = f(I) essentially
constitutes a form of inverse kinematics function for the
mechanism, but unlike traditional inverse kinematics used in
robotics control, which takes as input the Cartesian pose of
the end effector of the mechanism, this form takes as input an
observation (image) of the mechanism. If the function can be
learned, it would allow the application of Pose-Based Visual
Servocontrol (PBVS) for mechanisms with unknown forward
and inverse kinematics, significantly reducing deployment
time and costs of control systems for such mechanisms
[10]. Applications include control of industrial manipulators,
gantry cranes, 3D printers, etc. Arguably, the human brain
must be using a similar learning mechanism to learn the
forward and inverse kinematics of the human body and
limbs, for which analytical models are not available at birth,
and moreover are undergoing continuous change as the body
grows over its lifetime. Our objective is to emulate this
function using machine learning methods.

Our general approach is to extract sequences of reliably
identifiable 3D keypoints from the sequence of images Ik
and use these sequences, often called tracks in the field of
computer vision, to determine how many rigid bodies exist
in the scene, which keypoints belong to which rigid body,
which pairs of bodies are connected by joints, what is the
order of the kinematic chain of the mechanism, and what
are the positions of all joints given a set of measurements
of the 3D keypoints. To this end, we consider a set S of N
distinctive 3D keypoints that are tracked over T time steps,
resulting in measurements of the form pik = [xik, yik, zik]

T

for i = 1, . . . , N and k = 1, . . . , T . The next section
summarizes the OBIK algorithm proposed previously that
processes the set of keypoint tracks, and Section IV discusses
methods for extracting the keypoints from images.

III. OBSERVATION-BASED INVERSE KINEMATICS

The OBIK algorithm assumes that the inertial (world)
frame coincides with the camera frame, so the measurements
pik = [xik, yik, zik]

T for i = 1, . . . , N and k = 1, . . . , T are
expressed in that frame. The algorithm uses the following
steps, and for further details, we refer the reader to [7], [8]:

• Hypothesis testing whether pairs of keypoints belong
to the same rigid body: The 3D Euclidian distances
dijk between all pairs of keypoints i and j are computed
for all images k where both keypoints are visible.
The mean distance between pairs of keypoints and its
standard deviation are computed. A statistical F-test is
performed to compute whether the standard deviation
is significantly higher than the measurement noise,
resulting in pairwise statistics qij .

• Assignment of keypoints to rigid bodies: The statis-
tics qij are used as dissimilarity metrics by an ag-
glomerative clustering algorithm with complete linkage
to determine how many distinct rigid bodies n̂ exist
in the scene and which keypoints belong to which of
the bodies. This step leverages the fact that keypoints
belonging to the same body preserve the pairwise 3D
distance between them when moving in space together.

• Estimation of rigid body poses: Given a reference
frame with keypoints measurements in it, and a current
image frame with corresponding measurements at time
k, the relative pose between the current and reference
frame of rigid body l, l = 1, . . . , n̂ is computed by
means of the Kabsch-Umeyama algorithm [11], as long
as at least 3 (non-collinear) keypoints assigned to body
l are visible. The pose is expressed as a rigid body
transform (RBT) in the world frame, defined by the
rotation matrix Rlk and translation vector tlk.

• Relative pose computation: Using the poses in the
world frame, the relative pose between all pairs of
bodies l and m is computed as lRmk = RT

lkRmk and
ltmk = RT

lk(tmk − tlk), where a leading superscript l
indicates the pose is expressed in the frame of body l.



• Computation of translational relative DOF: For
a pair of bodies l and m, their relative transla-
tions ltmk are stacked in the 3 × T matrix Tlm =
[ltm1

ltm2 . . . ltmT ] and principal component analysis
(PCA) is performed on Tlm by singular value decompo-
sition (SVD). The number of non-zero singular values is
equal to the translational DoF between the two bodies.

• Computation of rotational relative DOF: For a
pair of bodies l and m, their relative rotations lRmk

are first expressed in axis-angle representation lrmk,
the latter are stacked in the 3 × T matrix Rlm =
[lrm1

lrm2 . . . lrmT ], and PCA is performed on Rlm

by means of SVD. The number of non-zero singular
values is equal to the rotational DoF between the two
bodies.

• Computation of instantaneous centers of rotation:
For a pair of bodies l and m, if their rotation at time
k is not the identity matrix, the instantaneous center
of rotation lt′mk at that time is computed by solving
the equation ltmk = Alt′mk, where A = lRmk − I3,
and I3 is the 3D identity matrix. The instantaneous
centers of rotation are stacked in the matrix T̂ ′

lm =
[lt̂′m1 − τ lt̂′m2 − τ . . . lt̂′mT − τ ], where each
column represents the direction of a rotation center
estimate relative to a reference point τ = lt̂′ma, chosen
arbitrarily for some a such that 1 ≤ a ≤ T . PCA on
T̂ ′
lm reveals if the instantaneous centers of rotation lie

on a single straight line (when this matrix has only one
non-zero singular value).

• Discovery of single-DOF joints connecting pairs of
bodies: If neither translational nor rotational DoF exist
between bodies l and m, they do not move with respect
to each other. If no rotational DoF are present between
bodies l and m, and exactly one translational DoF exists
between them, there is a prismatic joint between them.
If exactly one rotational DoF exists between the two
bodies, and their instantaneous centers of rotation lie on
a straight line, there is a revolute joint between them.
Otherwise, no single-DoF joint exists between the two
bodies.

• Discovery of the order of the kinematic chain of the
mechanism: First, bodies that do not move with respect
to the world frame are identified as stationary. Then,
if a body is connected to these bodies with a single
joint, it must be the first link of the mechanism. Then,
a body connected to the first link by a joint must be the
second link, etc., until the last link of the mechanism
is identified.

• Joint position estimation For a revolute joint connect-
ing a parent link l and child link m, the corresponding
joint angle is computed from lRmk as the rotation
angle of the matrix. If the joint is prismatic, the joint
displacement is computed from ltmk as the signed
length of the vector.

IV. LONG-TERM KEYPOINT TRACKING

The OBIK algorithm relies critically on the ability to
measure the 3D positions pik = [xik, yik, zik]

T of N
keypoints over a sequence of T images, subject to inevitable
occlusions. This means that the tracker should be able to
extract N distinctive points from a training sequence and
reliably establish correspondence between them over its
entire span. This problem is known as long-term keypoint
tracking in the computer vision community and has been
the subject of intense study over the last decades, as it is an
essential block in many computer vision problems [12].

Early keypoint tracking methods detected distinctive im-
age patches (e.g., Harris or Shi–Tomasi corners) and tracked
them across frames using sparse optical flow [12]. How-
ever, tracking fails under occlusion, requiring explicit re-
identification. Moreover, this approach is ill-suited for OBIK,
which must match keypoints in the current image to those
in a potentially very different reference image – beyond the
local search capability of sparse optical flow.

An alternative to sparse optical flow is to match keypoints
by appearance in each frame. A well-known example is SIFT
[13], which uses distinctive descriptors for robust matching
across scale, rotation, and large image displacements. This
makes it more suitable for OBIK, which requires matching to
a potentially distant reference image. Although SIFT can be
too slow for real-time use, faster alternatives such as SURF,
FAST, and ORB are available, too [12], [14], [15].

Traditional keypoint methods are task-agnostic: features
are chosen for general distinctiveness, without regard to their
later use. In contrast, recent deep neural network (DNN)
approaches learn task-specific keypoints or descriptors by
optimizing tracking performance directly. For example, Su-
perPoint [16] trains a DNN to detect keypoints and compute
descriptors, using synthetic data with known homographies
to supervise correspondence learning. The resulting model
is specialized for reliable matching, though still scene-
independent. Similarly, the Transporter network [17] learns
to detect and track a fixed number of keypoints. These
methods output 2D image coordinates, with 3D positions
obtainable from RGB-D data when available.

The Keypoint3D algorithm [18] learns 3D keypoints di-
rectly from multiple 2D camera views for a specific task.
Because the task is defined by the reward function of a
reinforcement learning (RL) problem, the learned keypoints
are optimized for task performance. Experiments show that
these keypoints naturally track meaningful structures, such
as the limbs of a legged robot.

V. OBIK WITH LONG-TERM TRACKING

The OBIK algorithm requires reliable tracks of 3D key-
points over the entire training sequence. For long-term
tracking, we employ CoTracker3 [19], a recently proposed
transformer-based model that tracks multiple points jointly
and can handle occlusions. Unlike traditional optical flow



methods that fail upon occlusion, CoTracker3 uses cross-
track attention to maintain correspondence even when points
are temporarily hidden. This capability is particularly im-
portant for articulated mechanisms where self-occlusion fre-
quently occurs during motion. We evaluate two strategies for
processing multi-camera observations: independent single-
view analysis and unified multi-view tracking. We use ORB
keypoints during tracking [?].

A. Single-View Feature Tracking

We first consider tracking with a single calibrated RGB-D
camera. Given a sequence of RGB-D images {Ik, Dk}Tk=1

from a stationary camera with known intrinsic matrix K
and extrinsic parameters [R|t], we extract keypoints ui =
[ui, vi]

T in the reference frame I1. CoTracker3 then tracks
these keypoints across the sequence, producing tracks uik

and visibility indicators oik ∈ {0, 1} for i = 1, . . . , N and
k = 1, . . . , T .

For each visible keypoint where oik = 1, we obtain the
corresponding depth value dik = Dk(uik, vik) from the
depth map. Following the standard pinhole camera model,
we first compute the 3D position in camera coordinates:

pcam
ik = dikK

−1

uik

vik
1


where K−1 transforms the homogeneous pixel coordinates

to normalized camera coordinates. The world coordinates are
then obtained through the inverse of the camera extrinsic
transformation [Rcam|tcam]:

pik = R−1
cam(pcam

ik − tcam)

This yields a sequence of 3D keypoint measurements
{pik}N,T

i=1,k=1 which serve as input to the OBIK algorithm.
The algorithm then computes pairwise distance statistics,
performs agglomerative clustering to identify rigid bodies,
and discovers the kinematic structure as described in Section
III.

However, due to the morphology of the robot arm and
self-occlusions during motion, a single camera view cannot
capture sufficient keypoints across all links of the mecha-
nism. Links may become occluded as the arm moves through
its workspace, resulting in incomplete tracking data and
unreliable structure discovery. This limitation necessitates a
multi-camera approach to ensure comprehensive coverage of
the articulated mechanism.

B. Multi-View Feature Tracking

In the multi-view approach, we employ C calibrated RGB-
D cameras positioned around the mechanism. Each camera
c ∈ {1, . . . , C} captures a sequence of RGB-D images
{Ick, Dc

k}Tk=1 with known intrinsic matrix K (assumed iden-
tical for all cameras) and extrinsic parameters [Rc

cam|tccam].

For each camera independently, we extract keypoints in
the reference frame and track them using CoTracker3, yield-
ing tracks uc

ik and visibility indicators ocik for i = 1, . . . , N c

and k = 1, . . . , T , where N c denotes the number of key-
points detected by camera c. The 3D reconstruction proceeds
as before:

pc
ik = (Rc

cam)−1

dcikK
−1

uc
ik

vcik
1

− tccam


The key distinction from the single-view approach is that

all 3D points from all cameras are combined into a unified
set for analysis:

S =

C⋃
c=1

{pc
ik : ocik = 1 and dmin ≤ dcik ≤ dmax}

The OBIK algorithm then processes this combined point
set, computing pairwise distances between all points regard-
less of their camera origin. For points (i, c) and (j, c′) from
potentially different cameras, the distance at time k is:

d(i,c)(j,c′)k = ∥pc
ik − pc′

jk∥

This multi-view formulation enables the discovery of rigid
bodies that may be only partially visible from individual
cameras. Points on the same rigid link maintain constant
pairwise distances regardless of which camera observes
them, leading to their clustering together during the ag-
glomerative clustering step. The approach provides more
robust structure discovery through redundant observations
and comprehensive coverage of the mechanism’s workspace.

VI. ROBUST CLUSTERING OF TRACKED KEYPOINTS

In its original formulation [7], OBIK used agglomerative
clustering with complete linkage to group 3D keypoints into
rigid bodies. This choice was motivated by the transitivity
of the rigid body assumption (RBA): if points pA and pB

satisfy it, and pA and pC do as well, then pB and pC

must also satisfy it. Thus, all point pairs within a cluster
must exhibit low dissimilarity, which aligns with complete
linkage, where intra-cluster dissimilarity is defined as the
maximum pairwise distance [20].

While complete-linkage clustering works well with pre-
cise 3D measurements [7], real-world keypoint tracking
inevitably introduces noise and occasional mismatches. To
address this, we propose a clustering method that relaxes the
strict transitivity implied by complete linkage. Continuing
with the earlier example, even if {pA,pB} and {pA,pC}
satisfy the RBA, the algorithm should tolerate some viola-
tions between pB and pC . Such inconsistencies can arise
from noisy distance estimates or tracking errors, and the
clustering method must accommodate them to remain robust.



Fig. 1: An UR5 robot observed by 3 different RGB-D
cameras. The tracked keypoints are shown with different

color, according to their assignment to distinct bodies
(magenta for body 0, blue for body 1).

We therefore propose an “almost-complete linkage” ap-
proach inspired by earlier research on clustering algorithms.
In graph-theoretic terms, complete linkage partitions data
into cliques – subgraphs where every pair of vertices is
connected [21]. We instead use γ-quasi cliques (γQCs),
where each vertex in a subgraph C of size |C| is connected
to at least γ(|C| − 1) others, with γ ∈ [0, 1]. Additionally,
each vertex may be allowed to miss connections to at most s
others, preventing excessive dissimilarity [22]. This “almost-
complete linkage” can be implemented by converting the
dissimilarity matrix into a graph [23], [24] and applying a
peeling algorithm to extract dense subgraphs efficiently [25].

VII. EMPIRICAL EVALUATION

To test the application of CoTracker3 to keypoint tracking
for use by the OBIK algorithm, we experimented with
a MuJoCo simulation of the UR5 industrial robot arm,
observed by 3 different RGB-D cameras (Fig. 1). The 3D
position measurement noise snoise was estimated by running
CoTracker3 on a static scene and recording the variations in
keypoint positions. On a testing set of 100 frames, following
1-DoF motion of the robot, robust estimates of the pairwise
deviations sij were computed using the median absolute
deviation (MAD) statistic [26]. The pairwise dissimilarity
qij between two keypoints was computed as qij = 1 −
Pr(F > Fij) = CDF (Fij), where CDF (·) denotes the
cumulative distribution function of the F-distribution, and
the F-statistic is calculated as Fij = s2ij/s

2
noise [7].

Applying agglomerative clustering with complete linkage
to this dataset, as proposed in [7], did not yield the expected
result. For this 1-DoF motion, keypoints after the active joint
should form one moving rigid body, while those before it
should form a static one. However, the dendrogram in Fig.
2 consistently shows three stable clusters across most cutting
thresholds, making it difficult to infer the presence of only
two rigid bodies. The dissimilarity matrix in Fig. 3 explains
this behavior: although two large low-dissimilarity blocks
appear along the diagonal, some entries within them have
values close to 1. Under the strict conditions of complete
linkage, these high dissimilarities prevent the corresponding
sub-clusters from merging.
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Fig. 3: Dissimilarity matrix using q-values on the training
data set, after agglomerative clustering.

In contrast, the robust clustering algorithm proposed in
Section VI, for a wide range of the γ parameter (γ ∈
[0.3, 0.9]), does produce the correct clustering into two
clusters. Because the problematic high-dissimilarity values
in Fig. 3 are relatively few compared to the total number of
values in the sub-matrix of the diagonal block, the ”almost-
complete-linkage” algorithm proposed in Section VI can deal
with them effectively.

After the keypoints are assigned to different bodies, the
translations and rotations between them are computed as
explained in Section III, by computing the SVD of the data
tensors Tlm, Rlm, and T̂ ′

lm. (Here, we have moving body
m = 0 and stationary body l = 1, see Fig. 1.) The SVD
of Tlm reveals that the moving body experiences 2-DoF



translation with respect to the stationary body; this is due
to the fact that the centroids of the two points undergo
translational motion, and not because they are connected
by a translational (prismatic) joint. The latter can be es-
tablished by computing the SVD of the tensor T̂ ′

lm of the
instantaneous centers of rotation. Similarly, the SVD of Rlm

produces singular values [7.19, 0.76, 0.31], revealing a single
rotational DoF. It should be noted that the second and third
singular values are not very small, which can be attributed
to the noise in keypoint positions introduced by the keypoint
tracker. Still, this procedure correctly identifies the type of
joint (rotational) and its axis of rotation, effectively allowing
inverse kinematics to be performed from visual observations.

VIII. CONCLUSION AND FUTURE WORK

We introduced a novel method for robust learning of
state representations of articulated mechanisms composed
of multiple links connected by joints, but lacking positional
encoders. The method relies on short sequences of visual ob-
servations captured by stationary RGB-D cameras. Building
on recent advances in deep neural network–based algorithms
for long-term keypoint tracking, it extracts consistent tracks
of corresponding keypoints over time, even under temporary
occlusions. To identify the number of rigid bodies (links) in
the mechanism, we proposed a robust clustering technique
that groups points moving together, thereby revealing their
membership to the same rigid body. The relaxation of
the complete linkage condition implied by the rigid-body
assumption turned out to be essential for the application of
a keypoint tracker to this problem. The relative motion of
keypoints within each body is then used to compute rigid
body transforms with respect to a set of reference positions,
enabling the discovery of the order of the kinematic chain.
This, in turn, allows direct estimation of joint configura-
tions (angles or displacements). Experiments with a state-of-
the-art long-term keypoint tracker demonstrated successful
identification of the kinematic structure of an articulated
mechanism solely from camera images. In future work, we
plan to apply this algorithm to state estimation and visual
servocontrol of physical mechanisms such as robot arms or
cranes.
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