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Teaching contact-rich tasks from visual demonstrations
by constraint extraction

Christian Hegeler1, Filippo Rozzi2, Loris Roveda3, and Kevin Haninger1

AbstractContact-rich manipulation involves kinematic con-
straints on the task motion, typically with discrete transi-
tions between these constraints during the task. Allowing
the robot to detect and reason about these contact constraints
can support robust and dynamic manipulation, but how can
these contact models be e�ciently learned? Purely visual
observations are an a�ractive data source, allowing passive
task demonstrations with unmodi�ed objects. Existing ap-
proaches for vision-only learning from demonstration are ef-
fective in pick-and-place applications and planar tasks. Nev-
ertheless, accuracy/occlusions and unobserved task dynam-
ics can limit their robustness in contact-rich manipulation.
To use visual demonstrations for contact-rich robotic tasks,
we consider the demonstration of pose trajectories with tran-
sitions between holonomic kinematic constraints, �rst clus-
tering the trajectories into discrete contact modes, then �t-
ting kinematic constraints per each mode. �e �t constraints
are then used to (i) detect contact online with force/torque
measurements and (ii) plan the robot policy with respect to
the active constraint. We demonstrate the approach with
real experiments, on cabling and rake tasks, showing the
approach gives robust manipulation through contact transi-
tions.

1 Introduction
Contact modeling and control are essential for robots to
physically interact with their environments [1]. When the
environment is less structured, the contact conditions will
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vary and the ability to detect and reason about contacts is
needed for robust and dynamic manipulation, such as for
drawers, doors, and cables [2].

Contact constraints are important for the safety, perfor-
mance, and robustness of manipulation [3–5]. For safety, vi-
olating the current constraint can result in excessive force
and transitions between contact with excessive velocity can
result in collision forces. For performance, constraints can be
exploited to reduce variation in trajectories, and trajectory
planning with respect to the constraints can also exploit dy-
namics (e.g., Coulomb friction, constraint-space inertia). For
robustness, changes in contact modes can be used to moni-
tor a task to identify task success, failure, or other discrete
modes. Methods exist to plan through constrained motion,
but they need models of the constraints.

1.1 Related works
Contact models - e.g., the contact normal or signed distance
function - are key for modern planning-based approaches
to locomotion and contact-rich manipulation [6]. �ese are
application speci�c and o�en extracted from CAD models.
However, they can also be learned from demonstrations, such
as by using an instrumented tool that measures the pose and
forces of a human [7].

Learning from demonstration (LfD) is a powerful tool, de-
veloping methods to specify robot tasks in an e�cient and
natural way [8]. Classical LfD approaches such as dynamic
movement primitives can learn and adapt free-space trajec-
tories to new start and goal positions, and have also been
extended to consider contact [9]. However, demonstrating
force trajectories can be complex: either a 2nd force/torque
sensor is needed [10, 11], or the robot must be teleoperated
[12, 13], limiting ease of demonstration and dexterity in �ne
tasks, respectively. Furthermore, this approach must balance
whether the force or position trajectory should be tracked,
a question of the robot’s impedance [14]. �is can be op-
timized when the robot reproduces the trajectories [11, 15],
however, introducing additional complexity in the de�nition

1



Teaching contact-rich from vision-only demonstrations 1 INTRODUCTION

Figure 1: Setup of the approach, where the keypoint trajectory of an object
is tracked by an RGBD camera (le�), the data are clustered, and kinematic
constraints are �t. �e constraint model is then exploited by the robot online
(right), where measured force is compared with the constraint Jacobians to
identify constraint online and the robot’s trajectory is adapted to enter and
maintain constraints.

of the reward function, data collection, and implementation.
For LfD methods which are variance- [16, 17] or sti�ness-

aware [18], the task representation is continuous, not explic-
itly representing changes in the contact conditions. Other
methods which learn discrete modalities from demonstration
such as [19,20] do not build explicit contact models, limiting
the ability to use force information or planning methods.

Demonstrations can also be used with behavior cloning in
deep learning-based approaches, initializing a task-speci�c
policy [21]. �is has been applied to contact-rich tasks like
peg-in-hole insertion from visual information [12]. While
some deep learning policies can incorporate force informa-
tion [22], the ability of these methods to handle tighter toler-
ance tasks and extrapolate beyond the data has not yet been
shown. In fact, the ability of standard neural networks to
directly model contact is currently limited [23].

1.2 Paper Contribution
In contact-rich manipulation tasks, object trajectories can be
characterized by a set of key phases, depending on the type
of constraint currently acting on the object. An autonomous
robot should, therefore, be able to identify these constraints
from such manipulation tasks. However, it is still di�cult to
get contact models for complex manipulation tasks, in par-
ticular avoiding the use of additional external sensors in the
demonstrations. In addition, vision-only methods may lack
robustness in reproducing contact-rich motion.

To address the above-mentioned issues, we consider using
passive observations (i.e., developing a visual-only method)
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Figure 2: �e components of the proposed approach, where the demosntra-
tions and constraint learning are covered in Section III, and online control
in Section IV.

of human contact-rich demonstrations and note that, due
to the noise and low sti�ness of typical human motions,
repeatability in the trajectories will be induced primarily
by contact constraints. We show that, by segmenting the
demonstrations and ��ing the constraints, constraint-aware
manipulation can be improved. �is happens in two ways:
i) using the kinematic constraints to derive the direction of
expected force, allowing online classi�cation of the contact
condition from F/T measurements, and ii) using contact mod-
els for the planning process, se�ing a desired force to main-
tain the current constraint and approach the next one.

We validate this approach with real experiments, using
keypoint detection on objects without markers, and repro-
ducing contact-rich tasks. We �nd that clustering and �t-
ting parameterized models is e�ective even on noisy RGBD
data, and that online detection with constraint Jacobians is
e�ective provided the Jacobians are not parallel at the cur-
rent pose.

�e main novelties of the approach proposed here ap-
proach are: (i) a validated method for extracting a discrete
collection of geometric constraints from vision-only demon-
strations; (ii) a method for the online detection of the active
constraint, based on F/T measurements and the learned con-
straint geometry; (iii) a higher-level controller which sets the
force reference of an impedance controller to exploit the con-
straint information to improve task robustness.

1.3 Proposed Approach vs State of the Art
Compared to related constraint-learning work [7], this
method doesn’t need additional motion markers or F/T sen-
sors to collect demonstrations and the learned models are ap-
plied online. Compared with dense visual descriptors used
in teaching by demonstration [21], this method can han-
dle contact-rich manipulation from human-readable visual
information (pose from point correspondences). Compared
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Teaching contact-rich from vision-only demonstrations 3 VISUAL DEMONSTRATIONS

with contact-DMPs (dynamic movement primitives) [9], the
demonstrations are purely visual and produce explicit con-
tact models. Compared with variance-aware [16] or sti�ness-
aware [18] LfD, our method explicitly models constraints,
and changes in contact, and can detect changes in contact
online.

2 Problem Statement and Approach

�is section formalizes the type of considered manipulation
problem, where multiple kinematic constraints occur during
its execution, then overviews the proposed approach.

2.1 Contact-rich Manipulation

�e contact-rich manipulation problem is expressed over the
pose or local features of a manipulated object, x ∈ Rn, where
n is the dimension of the position or pose observations. Dur-
ing a task, the object has a trajectory of N points, X =
[x1, . . . , xN ]. �is trajectory has discrete changes in contact
conditions, denoted sequentially as m ∈ [1, . . . ,M ]. Each
mode has a holonomic constraint of the form hm(x) = 0,
where h : Rn → Rnm and nm is the degree of the constraint
in m [24]. A constraint hm(x) is enforced with constraint
forces of the form F = λTJm(x), where F ∈ Rn are the
forces expressed in the coordinate system of x, λ ∈ Rnm the
Lagrange multipliers representing the magnitude of the force
and Jm = ∂hm/∂x the constraint Jacobian.

2.2 Problem Statement and Approach

Given only pose trajectories X , where a sequence of contact
modes [1, . . . ,M ] implicitly occur, it is desired that the robot
can safely reproduce this sequence of contacts over small ge-
ometric variations in the constraints.

�e proposed approach can be seen in Figure 2, where pose
trajectories X are used to �nd kinematic constraint mod-
els. First, the data is clustered to produce M datasets, corre-
sponding to each constraint mode. �en, a constraint model
is �t for each data cluster, where it is assumed that the con-
straint is one of a library of parameterized modelshm(x, θm),
where the parameters θm are parameters �t to the clustered
data. �e �t models then give Jacobians Jm, which give the
direction or subspace in which the mode’s constraint forces
are expected. Force measurements allow the identi�cation of
the constraint, and can inform the robot policy.

3 Visual Demonstrations

�is section describes how the visual demonstrations are col-
lected and the data segmented.

Figure 3: Overview of involved coordinate systems for object pose estima-
tion

3.1 Pose estimation
Poses of objects, such as the plug and rake seen in Figure 1,
are estimated with the means of keypoints. Keypoints have
a �xed relation to local visual object features and are ide-
ally invariant to rigid transformations of object poses. �e
keypoint location is estimated from RGB images in 2D pixel
space based on the work of [25] and are subsequently trans-
formed into 3D world coordinates following the transforma-
tions shown in Fig. 3. Using depth information and calibrated
camera intrinsics, keypoints locations are li�ed from pixel
space into 3D space relative to the camera. �e camera poses
relative to world coordinates are estimated with the known
tool center point (TCP) and the known �xed transformation
from TCP to camera initially calibrated with the work of [26].

Keypoints are detected using deep convolutional neural
network models trained on object-speci�c data sets that con-
sist of image data with corresponding keypoint labels. �e
image data is collected autonomously by the robot. �e la-
beling process is semiautomatic, keypoints labeled in one im-
age, then projected from pixel space to 3D world coordinates
and back to pixel coordinates in the other images. When us-
ing three or more distinguishable keypoints, related object
poses can be unambiguously described in SE(3). For an ini-
tial keypoint con�guration, an initial object pose is assigned
with the center at the mean of all related keypoints and iden-
tity as rotation. When detecting keypoints for any new ob-
ject pose, the pose is described by a transformation of the
initial object pose that aligns both sets of keypoints.

3.2 Segmentation
In this section we propose an autonomous segmentation
framework to extract a set of segmentation points by dividing
a multi-dimensional motion trajectory obtained from a sin-
gle passive demonstration; the aim is to de�ne a temporally
ordered sequence of clusters in which just one constraint is
present, such that each cluster can be used for the constraint
learning. To this extent, we model the overall trajectory in-
cluding the time component as a Gaussian Mixture Model
(GMM) [27] and we estimate the parameters of the model us-
ing the standard Expectation Maximization approach. Rep-
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Teaching contact-rich from vision-only demonstrations 3 VISUAL DEMONSTRATIONS

resenting a multi-dimensional trajectory as a GMM provides
a way of encoding the local direction and local relations (i.e.,
covariance) between the variables. �e main advantage of
such an estimation framework is that there is no need to
manually prede�ne any internal parameters according to the
types of given tasks and/or trajectories.

We assume the ergodicity of the training data and we do
not need to consider temporal and spatial variations between
multiple demonstrations while preparing the training data. A
multi-dimensional trajectory, X ∈ R(D+1)×N , is extracted
from a passive observation. Here, (D + 1) denotes the D-
dimensional spatial variables (e.g., object pose, velocity, key-
points coordinates) and the one-dimensional temporal vari-
able (i.e., time step), and N is the length of the trajectory.

From the GMM, the segmentation points are detected in
temporally overlapping points in-between two consecutive
Gaussians; the points are located in all points intersected
along the time component of the GMM. However, before de-
tecting these intersections, the mean and the covariance of
the time component need to be extracted from the output
mean and covariance of the GMM. To this extent, the mean
and covariance matrices of the ith Gaussian cluster are rep-
resented as

µi = [µi,t, µi,X ], Σi =

[
Σi,t Σi,tX

ΣtX,i Σi,X

]
, (1)

where t and X refer to the one-dimensional temporal vari-
able and the D-dimensional spatial variable in the (D + 1)
dimensional trajectory. All intersections between Gaussians
are extracted by estimating the weights of Gaussians along
the time component. Estimating the weights is de�ned as

γi(t) =
wiN (t;µi,t,Σi,t)∑K

k=1 wkN (t;µk,t,Σk,t)
, (2)

where i and K refer to the indices of Gaussians and the to-
tal number of Gaussians, wi are the output weights of the
GMM and γi(t) represent the weights projected along the
time component for each cluster, as seen in Fig. 4. Each data
point is assigned to a set based on its maximum weight, and
the overall trajectory is thus split into M modes, with corre-
sponding data Xm for the mth mode.

3.3 Constraint Fitting

Given a trajectory segment containing N data points that
consists of a single contact mode m, the kinematic con-
straints which are imposed in that mode can be identi�ed.
We assume that the kinematic constraints are holonomic
constraints in the form hm(x, θm) = 0, where θm are param-
eters describing the geometry. �e constraint hm is assumed
to belong to a set of possible contact primitives [7], such as
point-on-plane, or line constraint.

Figure 4: Segmentation framework for Zen Garden Raking. �e upper
plot represents the mean positional coordinates of the considered keypoints
while the lower plot shows segmentation points extracted from weights pro-
jected along the time component.

�e constraint for a mode is identi�ed by ��ing

min
θm

∑
xt∈Xm

‖hm(xt, θm)‖22 + βm(θm) +Ns (3)

s.t. ‖hm(xt, θm)‖22 ≤ s ∀xt ∈ Xm (4)

where βm is a mode dependent regularization term and s a
slack variable describing the maximum of hm which adds an
H∞ norm penalty on hm(xt, θm).

3.3.1 Radius Constraint

�e radius constraint describes a point x ∈ R3 with a �xed
radius r ∈ R to a point xc ∈ R3 in base coordinates. All
possible values for x are therefore distributed on the surface
of a sphere centered at xc. All points xt must therefore ful�ll
the equality constraint ‖x− xc‖2 = r. �e radius constraint
is thus �t by using

hm(xt, θm) = r − ‖xt − xc‖2, βm(θm) = kr, (5)

where k is a regularization constant.

3.3.2 Line on Plane Constraint

�e line-on-plane constraint describes an object in line con-
tact with a �xed plane. �e object can be translated and ro-
tated along the plane such that the line contact between the
object and the plane is never broken. When describing the
line with two points p0, p1 ∈ R3 with a �xed relative posi-
tion to the object and a �xed plane parameterized with its
normal vector np ∈ R3 and o�set d ∈ R the described con-
straint can be formulated such that all poses in a data set Xm
that correspond to the described constraint mode must ful�ll
the equality constraint with

hm(xt, p0, p1, np, d) =[
|‖nTp (T (xt)p0)‖2 − d|
|‖nTp (T (xt)p1)‖2 − d|

]
+

[
‖nTp (p0 − p1)‖2
‖nTp (p0 − p1)‖2

]
, (6)
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Teaching contact-rich from vision-only demonstrations 4 ONLINE CONTROL

βm(θm) =

k (|‖np‖2-1|+ |‖p0-p1‖2-kD|+‖p0‖2+‖p1‖2) , (7)

where T (x) ∈ R4×4 is the transformation matrix built from
the posex, k is a regularization constant and kD is the desired
distance of p0 and p1 in meter.

3.3.3 Hinge constraint

A single �xed line in the object coordinate system has a �xed
position in world coordinates. �e line contact is param-
eterized with two points xc,0, xc,1 ∈ R3 in world coordi-
nates and p0, p1 ∈ R3 in object coordinates. Using trans-
formation matrices from the object to the world coordinate
system T (xt) one can express the described relationship as
xc,i = T (xt)xp,i, i = 1, 2. �e constraint is thus �t with

hm(xt, θm) =

[
‖xc,0 − T (xt)xp,0‖2
‖xc,1 − T (xt)xp,1‖2

]
, (8)

βm(θm) = k(|‖p0 − p1‖2 − kD|+ ‖p0‖2 + ‖p1‖2),
(9)

where k and kD follow the description from 3.3.2. �e upper
bound s for this constraint by the H∞ norm is omi�ed.

4 Online Control
�is section describes how the contact models can be em-
ployed in the online control of the robot.

4.1 Contact Detection
Given a constraint hm(x, θm) ∈ Rnm , the forces which
would enforce that constraint can be found as

F = JTm(x)λ+ ε, (10)

where force F ∈ Rn, Jacobian Jm(x) = ∂hm(x,θm)
∂x ∈

Rnm×n, λ ∈ Rnm are Lagrange multipliers which enforce
the constraint and are not measured, and ε additional forces.
�e additional forces ε can be from gravitational or inertial
forces of the payload, friction in contact, or other errors. �e
forces F are expressed in the coordinate system of the pose
x.

In order to e�ciently detect the active constraint in the
online framework we need a robust metric that could scale
properly for constraints with higher dimensions (nm > 1).
We formulate the problem as a least-squares problem to ex-
ploit the closed-form solution through the pseudoinverse
Jm(x)† of the constraint Jacobian as

ε(F, x) = ‖F − Jm(x)†Jm(x)F‖2. (11)

�is residual tells us the amount of measured force that is
not explained by the constraint and gives a metric for online

detection: the constraint with a lower residual is selected as
the current constraint.

As the measured wrench vector Ft is measured at the TCP,
it needs to be transformed to match the orientation of the co-
ordinate system of the pose x, expressed withXY Z extrinsic
Euler angles. We transform the wrench into a frame at the
origin of the object frame and with the same orientation as
the base frame. �e standard transform of the full wrench
vector with respect to a new reference frame can be found
in [28].

To reduce false contact detection from the acceleration of
the payload we also model the free space as a type of con-
tact mode, but we do not detect free space based on the
force residual. Free space detection is done when ‖Fτ‖ <
F ∀τ ∈ [t − w, t], where F ∈ R is a threshold, w a prop-
erly tuned time window and |Fτ | is the norm of the measured
wrench at TCP for each time step.

4.2 Constraint-aware Control
�e constraint information can also be directly used in the
control strategy. We use a lower-level admi�ance controller,
such that

Mẍrt +Dẋrt +K
(
xdt − xrt

)
= F dt − Ft, (12)

where F d ∈ R6 is the force reference, Ft the measured force
in robot TCP, xdt the desired pose of the robot, xrt the robot
pose and M , D, K ∈ R6×6 the mass, damping, and sti�ness
admi�ance parameters. All quantities in (12) are expressed in
the TCP frame, and the matrices M , D, and K are diagonal.
�e following sections propose how the reference signals F dt
and xdt can be adjusted online according to the mode infor-
mation.

4.2.1 Contact-triggered Control

At each time step t, we infer the current mode mt as shown
in Section 4.1. We then suppose that each mode has its own
motion strategy as

xdt = πmt(x
r
t ), (13)

where πmt is a mode-speci�c controller which produces a
desired pose xdt .

4.2.2 Making and Maintaining Contact

Many constraints are unilateral constraints more accurately
considered as h(x) ≥ 0, for example sliding on the contact
of a surface. �is means the constraint can be lost by moving
away from the constraint, which may be undesired for the
task and limits the contact detection.

Additionally, the pose where contact is entered may vary.
Additional motion in the direction of the next constraint, as
given by the Jacobian of the next constraint, can help ensure
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Teaching contact-rich from vision-only demonstrations 5 VALIDATION

that contact is made. �is is done by adding to the desired
contact wrench.

We add a small desired force to the robot force controller
as

F dt = Tw

(
JTmt

(xt)α+ JTmt+1
(xt)α+

)
, (14)

where Tw transforms the wrench from object coordinates
to TCP, mt is the current mode, mt+1 the next contact,
α ∈ Rnmt , α > 0 speci�es the force to apply to maintain
the current constraint and α+ the force to approach the next
constraint.

5 Validation
�e approach is validated on a UR16e robot, which has
an integrated F/T sensor at the �ange and a Realsense
D435 camera. �e CasADi framework is used for pa-
rameter ��ing and calculating Jacobians [29]. �e ad-
mi�ance control is implemented via ROS [13]. �e code
is available at https://github.com/khaninger/
contactmonitoring.

5.1 Cable pulling
�e data collected for the radius constraint parameter esti-
mation consists of 3D positions of a plug that is constrained
with a cable that is �xed via two di�erent pivots to a work-
bench. �e demonstration data is shown in Fig. 5, where
the observed plug positions are segmented into: free space
(yellow), constraint by cable �xed at pivot 0 (cyan) and pivot
1 (magenta). �e segmentation process has some noise in
detecting the transitions but provides su�cient accuracy for
the constraint ��ing.

�e location of the �t pivot 1 and its ground truth is shown
in blue respectively red. Additionally, the sphere for the esti-
mated radius around pivot 1 is shown. �e �t constraint re-
sults in an error of 3.2cm with respect to the measured pivot,
where the position is measured at height of the workbench
with the camera from pixel space just as the keypoints are
measured.

Using the �t constraints, the controller is applied as seen
in the a�ached video. �e parameters used for constraint de-
tection are F = 6, window w = 8, and constraint forces
are applied of α = 12, α+ = 6. �e sti�ness parameters of
the impedance controller areK = [250, 250, 550, 20, 20, 20].
�e motion strategy πmt(xt) �nds the closest point in the
demonstration trajectory, generates xdt by transforming from
the object frame to TCP, and advances along the trajec-
tory when the distance to the current xdt is less than 1 cm.
�e demonstration trajectory moves from free space, pulling
tight with the pivot 0 constraint, then moves directly to enter
the pivot 1 constraint, similar to that seen in Fig. 5.

Results of the online detection can be seen in the a�ached
video and Fig. 6(a), where the residual per constraint and

Figure 5: Segmentation of cable pulling data with �t parameters for front
pivot

forces are shown. Near the starting pose, the residual be-
tween pivot 0 and pivot 1 can be clearly distinguished - at that
point these constraints are in di�erent directions. However,
as the robot moves near when the two constraints are in a
similar direction (around 20 sec), the residuals become more
similar, and a few centimeters of error in the mode detection
were noticed. �is is a�ributed to the constraints being in
a similar direction - the vectors J0 and J1 for pivot 0 and
1 are almost identical, and distinguishing the forces is di�-
cult. Similar di�culty in distinguishing certain constraints
has been noted by other authors [7, 30].

To validate the robustness of detecting changes in contact,
the cable is unhooked by hand from pivot 1 multiple times.
Additionally, at 60 seconds the robot is manually perturbed
20 cm from the path and at 80 seconds the cable slips on its
own. �e robot is able to recover from all these perturba-
tions, as seen in the a�ached video. �e force residuals can
be seen in Fig. 6(b), where it can be seen that this online
change is robustly detected, and the robot can recover with
the mode dependent control. Furthermore, adding the de-
sired force along the constraint direction allows the robot to
keep the cable tight while executing the task, which does not
always occur when using admi�ance control with F dt = 0.

5.2 Zen Garden Raking
�is task involves a rake over a planar surface, with the ad-
ditional constraint of reaching the edge of the raking area.
�ese two constraints are extracted from demonstrations,
where the pose of the rake is tracked as the rake moves in
free space, line contact with the workbench, then a hinge
constraint with the border of the raking area is met. �e rake
pose is tracked with four keypoints, and a keypoint is saved
only when all four are observed, and the residual error of the
correspondence to the reference keypoints is less than 3 mm.

A subset of the observed poses of the rake in contact in-
cluding the �t plane and projected contact points for all
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(a) Normal cabling process

(b) Disturbed cabling process

Figure 6: Forces and contact residual in the cabling task

shown poses are visualized in Fig. 7, along with the points
of the identi�ed contact point on the line constraint (black
points) and the �t plane location (purple).

�e results of the live control experiments on the rake can
be seen in Fig. 8 and the a�ached video. �e parameters used
are F = 1.4, w = 6, α = 4 and α+ = 6. �e �rst contact,
just a�er 5 seconds, results in an overshoot, but the residual
for the plane constraint approaches zero with no overshoot,
indicating most of the collision forces are aligned with the
expected constraint. �e contact with the second constraint
(hinge) results in an impulse in the forces, but again this im-
pulse does not appear in the residual for the hinge constraint,
indicating the impulse is occurring primarily in the subspace
expected by the constraint.

6 Conclusion
�e paper has proposed a pipeline for learning constraints
from the passive observation of markerless human demon-
strations. A general constraint ��ing process is intro-
duced, and several example constraints are validated from
real data. �e accuracy of a keypoint-based pose estimation,
GMM-based clustering, and constraint model identi�cation
is shown to have su�cient accuracy for some contact-rich
tasks. �ese constraint models are shown to result in ef-
fective online detection of constraint from F/T information,
provided the Jacobian between them is su�ciently distinct.

Figure 7: Poses from rake data with �t parameters for the plane contact, with
corresponding contact points p0, p1

Figure 8: Measured forces in TCP, constraint residual, and desired force F d
t

in the rake task
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�e usefulness of this information was demonstrated by sim-
ple mode-dependent trajectory following with a desired force
which maintains the current constraint.
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