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Abstract— Modern robots need to adapt to diverse human
partners with whom they collaborate. To this end, learning
a representation of human capabilities enables the robot to
personalize their behaviour to their collaborators across multi-
ple tasks. We propose CApability Modeling from Observations
(CAMO), a model-based estimation algorithm, in which human
capabilities that parameterize a given model are inferred from
observations of the human behaviour on known collaborative
tasks. We apply the method to joint limit learning in order
to predict future trajectories of a 7-DOF manipulator arm.
Furthermore, we show that CAMO can be used as a sub-task
assignment routine in a simulated human–robot collaboration
scenario, allowing the robot to adapt its task allocation to
perform tasks that the person is not able to do.

I. INTRODUCTION

Roboticists have long aspired to create autonomous intelli-
gent robots capable of working in unstructured environments
shared with humans, such as homes, offices, or hospitals.
These environments host diverse populations with people of
varying capabilities. These characteristics result in different
strategies people have when faced with solving a shared
task with a robot partner. It is therefore necessary for
robots to take into account the person with whom they are
collaborating, and adapt to their characteristics.

Human-aware models have made their way into algorithms
that ensure smooth handovers [1], [2], successful collabo-
ration in a shared workspace [3], [4], as well as adaptive
scheduling of tasks [5], [6], [7]. However, most of the
capability representations either lack task generalization, as
they focus on individual goals, or are representative only for
the “typical” human, as they are calculated from aggregated
data of able-bodied individuals.

We propose a task-independent model-based method to
adapt to the characteristics of a specific human collabora-
tor, as the robot carries out several tasks with them. We
assume the existence of a model of the human collaborator,
parameterized by their capabilities. The model can be used
to compute collaborative plans when instantiated with a
vector of parameters characterizing a particular person. We
introduce CApability Modeling from Observations (CAMO),
an algorithm to continually update a distribution over the
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parameter vector, so that the robot can estimate the person’s
characteristics from the observed trajectories and refine the
estimate over tasks. CAMO uses Approximate Bayesian
Computation (ABC) to infer what parameters likely explain
the observed trajectory for an individual goal, and the set of
solutions is converted to a distribution in the parameter space,
which is used to calculate a joint probability of a parameter
vector describing all trajectories observed so far. Through
these continual updates, the robot adjusts its estimate of
the model parameters, that is, the person’s capability, to
the particular collaborator over time, and can generalize the
personalization over unseen tasks.

In this paper, we use CAMO to personalize assistance in a
collaborative manipulation task, which is the most prominent
form of human–robot collaboration in manufacturing [8].
Within such tasks, we choose to model joint limits, because
they influence both trajectories and workspace, and can
be affected by a number of conditions that interfere with
mobility, including diabetes mellitus [9], radiotherapy [10],
and haemophilia [11].

We show that CAMO can learn a representation of the
partner’s capabilities simply by observing their actions, with-
out a calibration process, and irrespective of the observation
space of the trajectories. Lastly, we show that CAMO can
be used to learn personalized sub-task allocation in a collab-
orative block stacking scenario with a person with limited
shoulder mobility.

II. RELATED WORK

Human–Robot collaboration is a well-studied problem
setting that models many complex interactions between
robots and people. In this section, we present three aspects
that are closely related to our work: goal inference, task
allocation in human–robot teams, and parameter estimation
from observations.

A. Goal Inference

Many proposed methods allow the robot to adapt to the
human collaborator by inferring the goal of the collaborator
through observing their actions in the form of partial tra-
jectories [4], [3], [12], [13], or infer human intent through
affordances [14] or eye gaze [15]. Unlike our method, which
focuses on the collaborator’s capabilities, the aforementioned
approaches focus only on inferring the human’s goal to avoid
collisions with the user or to streamline the collaboration,
whilst assuming that both the human and the robot can
perform all actions in the collaboration.
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Other collaboration approaches use inverse reinforcement
learning, or inverse optimal control to learn cost functions
that allow the robot to predict how a person is going to
behave in a collaborative setting [16], [17]. These methods
learn the cost function over features such as distance between
the links of the two collaborators to avoid collision, trajectory
smoothness, and the distance from the rest pose. These
features are not learned in a model-based context, and
they are not necessarily informative about the person’s true
capability, but are specific to the particular task at hand.

Vahrenkamp et al. [1] study adaptation in the context of
human–robot handovers, and the authors develop a planner
that optimises the handover location of a tool based on the
person’s ability to reach it, and how well they can manipulate
the tool at the handover location. This approach is extended
in other works [2], [6], [18], [19], where authors develop
human-aware motion planners that are able to optimise the
interaction between human and robot based on different
metrics indicating ergonomic posture, social rules, or prefer-
ences. However, these methods all average over the training
data to produce “average” cost functions, or movements, and
do not differentiate between individuals’ capabilities.

The work that is closest to our study is that of Bestick et al.
[20], in which the authors learn personalized ergonomic cost
functions using active robot queries. We, on the other hand,
adopt a purely observational approach, in which the robot
does not have the power to induce human demonstrations by
its own actions.

B. Task Allocation in Human–Robot Teams

Several approaches have been developed in which alloca-
tion of tasks in a collaborative setting depends on the proper-
ties of the human collaborator. Nikolaidis et al. [21] identify
different collaboration strategies by collecting human–human
demonstrations and performing clustering on the trajectories
to recover reward functions, which the robot then uses to
learn an effective collaboration policy for each human type.
However, the method requires access to data of human–
human teams, and it produces a discrete set of policies that
the robot can use to adapt to new partners. Our method, in
contrast, does not assume discrete types of collaborators, but
learns continuous parameters that describe the behaviour of
the collaborator, and does so for multiple tasks instead of
just one.

Another similar approach is that of Görür et al. [22], where
the adaptation to the collaboration is modeled as a policy
selection problem. However, this approach does not model
the capability of the person directly, and is task-specific as
the policies do not generalize to unseen tasks.

Other task assignment approaches also take into account
the capabilities of the human partner, and their preferences
for the way in which they engage in the shared activity. Fiore
et al. [23], equip the robot’s planning system with reasoning
capabilities about the human collaborator’s preferences, abil-
ity to reach the object, and beliefs in simple tasks such as
clearing a table. Lamon et al. [5] develop a set of indices such
as agent dexterity, effort, and task complexity, which together

act as action costs to assign optimally the tasks between a
human and a robot in an industrial setting. Their approach,
however, does not individualize these costs between different
people. Munzer et al. [24] approach human–robot collabo-
ration as a pure learning problem, where they represent the
task through relational MDPs and learn what tasks the robot
should do through repeated interactions, learning human
preferences for the robot’s contribution. Izquierdo-Badiola
et. al. [25] frame collaboration with diverse people as a
problem of learning appropriate action costs in a shared
plan. The robot learns costs that ensure plan success and
alignment with preferences of the human collaborator, using
a simulator with a human model that links action outcomes
to latent cognitive variables such as knowledge, strength, or
focus. However, their approach works over predefined types
of human collaborators and does not learn the collaborator
type from scratch.

The difference in our approach compared to the methods
above is that we do not require the knowledge of human
capabilities a priori, nor do we learn them in a single task.
Instead, we aim to learn representations of capabilities that
translate across different tasks and are a property of the
collaborator instead of being a property of the task itself.

C. Parameter Estimation

In this paper, we use approaches from Approximate
Bayesian Computation (ABC) to find parameters that best
describe the observed trajectory. ABC is a method from
Bayesian statistics which directly computes the posterior
of an unknown likelihood function by replacing it with a
simulator. For a more detailed review, we refer the reader to
the review of Beaumont [26]. A commonly used approach
is rejection sampling, which has found its use in human–
robot interaction scenarios [27], [28]. However, these im-
plementations infer parameters that explain the goal (i.e.,
the person’s reaching goal, or a pedestrian’s trajectory),
whereas we implement ABC to estimate a property of the
human collaborator, which can be used to plan robot assistive
actions. Sun et al. [29] estimate human capabilities through
reinforcement learning. Their approach is model-free and,
therefore, also task-dependent.

III. PROBLEM FORMULATION

We consider an environment with two agents, an agent A
and an observer O, who is learning about A. The task of agent
A is modeled as an episodic goal-based contextual Markov
Decision Process (MDP) mθ (g) = ⟨X ,U,T (x,u,θ),R(x,u |
g,θ)⟩ where X and U are sets of states and actions re-
spectively, T (x,u,θ) is the transition function, which we
assume to be deterministic, R(x,u | g,θ) is the goal and
context-conditioned reward function, g ∈ X is an absorb-
ing goal state, and θ is a vector of latent parameters, or
context, which influences the agent’s policy. For any goal
g, the agent A computes a deterministic policy π(x | g,θ).
When acting in the environment from an initial state x0, A
produces state trajectories τθ ,g = ⟨x0, ...xl⟩, such that xl = g,
which are observable by agent O. Agent A maximizes the
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cumulative return Gg = ∑
H
i=1 R(xi,ui|g,θ) over a horizon H.

Furthermore, O knows the goal g of each observed trajectory.
We assume that the observer has a model m̂

θ̂
(g) of the

contextual MDP mθ (g), which can be used, in conjunction
with an estimate θ̂ of the parameter vector θ , to plan for a
given goal. The aim of O is to compute the estimate θ̂ that
allows it to predict A’s trajectories as best as possible, that
is, the solution of:

argmin
θ̂ ∑

g∈G
L(τθ ,g,τθ̂ ,g), (1)

where G is the set of observed goals, and L is the distance
between the trajectories:

L(τθ ,g,τθ̂ ,g) = ∥τθ ,g− τ
θ̂ ,g∥2 =

√√√√ l

∑
i=1

(
τ
(i)
θ ,g− τ

(i)
θ̂ ,g

)2
. (2)

In general, the trajectories τ
θ̂ ,g are not directly parame-

terized by θ̂ , so the gradient of the trajectory with respect
to the parameters cannot be computed. They are the result
of planning on the model m̂

θ̂
(g), where the planner is a

black box. Furthermore, tasks and trajectories are generated
continually during the lifetime of the agent, and are not all
available at once.

In the next section, we introduce an iterative method based
on ABC and probability density estimation, which refines a
distribution over θ̂ as more trajectories become available.

IV. METHOD

In general, many parameter values may result in the same
trajectories, that is, Equation 1 has multiple minima. Since
this is a continual learning setting, we should not commit to
a particular parameter vector at any point, since future tasks
may prove incompatible with it. For this reason, we track the
solution set across tasks. The set of solutions is continuous
and may be formed by disjoint non-convex subsets. To be
able to capture the possible representation complexity of
the solution set, we use a non-parametric model. Lastly,
evaluating a parameter vector implies planning on the model,
which is computationally expensive and prohibits exhaustive
search. For this reason, we set a budget b of maximum
number of parameter vectors to consider at any given task.
Algorithm 1 shows the steps of the method, also illustrated
in Figure 1.

A. Constructing a Representative Set

At each new task gn, we perform Approximate Bayesian
Computation to obtain a set of points representative of the
solution set. We sample b points θ̂i from a prior distribu-
tion P(θ̂) and generate the corresponding trajectories for
the current goal τ

θ̂i,gn
. The prior distribution encodes any

previous knowledge on the value of the parameters, and can
be uniform. Out of the sampled points, we retain all those
for which:

L(τθ ,gn ,τθ̂i,gn
)< ε,

for an ε > 0, and L as defined in Equation 2. The outcome
of the procedure REJECTIONSAMPLE is the set Qn = {θ̂ |

Algorithm 1: CAMO

Data: C = ⟨τθ ,gn⟩Nn=1, max = 0, PAll = /0, QAll = /0
Result: θ̂ ∗

1 for τθ ,gn ∈C do
2 Qn = REJECTIONSAMPLE(τθ ,gn );
3 ▷ Rejection sample using the observation;
4 Pn =

1
|Qn| ∑KH(Qn);

5 ▷ Fit Gaussian KDE;
6 PAll = PAll ∪Pn;
7 QAll = QAll ∪Qn

8 for θ̂i ∈ Qall do
9 P(θ̂i) = ∏

|PAll |
i=1 Pi(θ̂i);

10 ▷ Compute joint probability across
trajectories;

11 if P(θ̂)> max then
12 max← P(θ̂i) ;
13 θ̂ ∗← θ̂i ;
14 end
15 end
16 end
17 return θ̂ ∗

L(τθ ,gn ,τθ̂i,gn
) < ε.} returned at line 2. Because the trajec-

tories may have different lengths, we compute the loss by
performing Dynamic Time Warping (DTW) [30] on the pair
of trajectories.

B. Estimating Parameter Density

The selected parameter vectors, that is, those that for gn
induce a trajectory close to the observed one, are used to
define a distribution over the parameter space P(θgn) which
expresses the probability density function of a particular
parameter to be able to generate the observed trajectory for
gn. We approximate the parameter density using Kernel Den-
sity Estimation (KDE), a non-parametric density estimation
technique that computes the likelihood of a given sample
based on the number of samples in its local neighbourhood.
We employ a multivariate KDE with a Gaussian kernel to
approximate the sample density in parameter space of an
individual solution set (line 4 in Algorithm 1). We define
the probability density function of a particular vector to have
generated the observed trajectory as:

P(θgn) =
1
|Qn| ∑

θ̂∈Qn

KH(θgn − θ̂), (3)

where KH is the Gaussian kernel function:

KH(x) := det(H)−
1
2 ·2πe−

1
2 (H

− 1
2 x)T (H−

1
2 x), (4)

with diagonal matrix H = diag(h) whose diagonal entry is
the kernel width h, which is a hyperparameter of the density
estimation method.
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Task i-3
Task i-2

Task i-1
Task i

Observations

...

Step 1: Sample parameter space of the simulator, simulate trajectories, and
construct the solution set by rejection sampling

... ...

Step 2: Convert a discrete set into a
probability in parameter space

Step 3: Find the most likely
parameters across all tasks

...

Fig. 1. Overview of CAMO. For every new goal, rejection sampling is performed over the parameter space of the human model, and samples are accepted
if they induce a trajectory that is similar to the observation. Then a distribution is defined over the selected samples. The current best estimate is computed
by finding the joint probability of a sample across all observed goals.

C. Obtaining Current Best Estimate

After having observed N tasks, we have computed a
distribution P(θgn) over the parameters for each task (line
4) . As we want to obtain the parameter vector that best
explains the tasks we observed so far, we compute the joint
distribution over individual tasks:

P(θ̂) =
N

∏
n=1

P(θgn). (5)

We compute θ̂ ∗ from Qall = ∪N
n=1Qn, which is the set of

all collected parameter vectors (line 7). To obtain the best
estimate θ̂ ∗, we maximize Equation 5 (lines 8 to 14 in
Algorithm 1):

θ̂
∗ = argmax

θ̂

P(θ̂) = argmax
θ̂

N

∑
n=1

logP(θgn). (6)

This solution is the parameter vector that most likely ex-
plains all trajectories observed so far. As a consequence, it
approximates the minimiser of Equation 1.

V. EXPERIMENTS

As discussed in the Introduction, as a representative in-
stance of this problem we consider a collaborative manipu-
lation setting, in which a robot and a person share a common
goal. The robot knows the goal that the person is supposed to
reach, and intends to learn about their joint limits to be able
to predict the person’s trajectories across future tasks. The
vector of parameters is θ = [qll1 ,qul1 , ..,qlln ,quln ]

T , where
qlli and quli represent the upper and lower limit for the i-th
joint respectively. We consider the following two scenarios:
a redundant manipulator with joint limits reaching random
goals in 3D space, and a human model with joint range of
motion deficiencies in a collaborative block stacking task.1

A. Redundant Manipulator

We first study our method in a simulated environment in
which the observed agent is a 7-DOF manipulator moving in
3D task space, implemented using the Robotics Toolbox [31].

We sample random configurations within the joint limits
of the manipulator and pass them as goals to the controller,

1For reproducibility and access to all parameter values, we provide
the simulation code at the following address: https://github.com/
Sensible-Robots/learning-joint-limits.

generating motion trajectories. We fix the start state for each
goal; only the goal state varies across tasks. We collect the
trajectories to use them as observations for CAMO.

We draw 2000 parameter vector samples from a uniform
prior, bounded between the minimum and maximum joint
limits of the manipulator.

We intend to assess experimentally the following prop-
erties of our proposed method: how accurately can the
observer predict the observed trajectories? How fast does
the accuracy improve with the number of observed tasks?
In addition to these general properties, we also considered
the type of observation specifically pertaining joint limits.
We considered state trajectories both in joint and Cartesian
space, to assess the level of observation required for this
method to be viable in the manipulation context.

In our simulated environments, both joint configurations
and end-effector pose are available at all times. However,
estimating all joint angles for an observed person from vision
is much more difficult. Therefore we ask the question: if
an accurate observation of the joint trajectory was available,
what impact would it have on the accuracy of the trajectory
prediction? In particular, we intend to assess whether suf-
ficient accuracy can be achieved only through end-effector
pose observations.

To the best of our knowledge (cf. Section II), there is
no other model-based parameter estimation algorithm that
learns parameters of the collaborator’s model across multiple
tasks. As a baseline, we assume that perfect tracking of
joint values is available on the manipulator, and that we can
obtain minimum and maximum joint values elicited at every
task. Using this information, we can determine the maximum
and minimum observed joint values across all tasks, and
use it as a reasonable estimation of the joint limits of the
manipulator. We compare this naı̈ve approach to two variants
of our method, one that operates using collected joint space
trajectories (henceforth denoted as CAMO-JS), and one that
uses Cartesian trajectories and does not assume access to
joint trajectories (denoted as CAMO-CS).

The agent executes 10 tasks, producing as many observed
trajectories, which we provide to the learner to estimate
joint limits. We also sample 20 reachable random goals to
construct a test set on which we test the predictive power
of our method. We perform an experiment in which we
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Fig. 2. The cumulative Cartesian Error across 20 unseen trajectories. The
lines represent the average across 30 runs, and the shaded areas indicate the
95% confidence interval.

calculate the error between actual test set trajectories and
those predicted after each observation, to investigate the
improvement of the estimation. We average these results over
30 runs.

Figure 2 shows that on average, our method is able to
learn a better estimate of joint limits that produces lower
error than the naı̈ve approach at every task and with lower
variance. The estimate converges, in this experiment, within
3 tasks. The performance of the method is similar irrespective
of the nature of the observation space, which implies that
predictions are equally good, whether based on joints or end-
effector pose.

Next, we examine the total error after having observed
all tasks. As we can see in Figure 3, the two variations of
our method perform comparably, and both are significantly
better than the naı̈ve approach. We conclude that CAMO
performs better when predicting trajectories for unseen goals
compared to the naı̈ve method, as the inferred joint limits
produce lower error. Since trajectories have 100 points and
the average cumulative error is around 25cm, the average
error per trajectory point is 2.5mm, meaning that the method
can identify parameters that induce accurate predictions.

B. Human–Robot Collaboration Scenario

We evaluate the utility of our method as a task allocation
sub-routine in a collaborative task. We consider a block-
stacking scenario with a human model (as seen in Fig. 5).
Such block stacking tasks are common benchmarks in Task
and Motion Planning [32], as well as a common platform
for studying Human–Robot Collaboration.

The domain contains 4 coloured blocks b={red, green,

Fig. 3. Mean cumulative loss in joint trajectory space across 20 previously
unseen goals, after observing 20 random goals. The bars represent the
average error and error bars show 95% confidence interval.

Fig. 4. The Human–Robot Collaboration domain. A human model and
a floating robot gripper collaborate in a block stacking task in which the
robot has to identify all the blocks the human cannot reach in order to help
them to complete the tower.

yellow, blue}, which are initialised in random positions
at every trial. The goal is a stack of blocks, in a random
order for each trial.

The actions available in the domain are U ={pick-
place-human(b), pick-place-robot(b)}, where
either the person or the robot can manipulate a block and add
it to the tower. However, due to the joint limits, the person
cannot reach or manipulate all the blocks, which means that
the robot needs to recognize this limitation and assign to
itself the manipulation of the blocks that the person cannot
reach.

We implement the scenario in PyBullet [33], where we
instantiate an URDF-based human model generated from
collected kinematic data of a real person [34]. We restrict
the model to 9 Degrees of Freedom in total — 7 in the right
arm, and 2 in the torso. We use a differential kinematics
controller as described in [28], which we parameterize with
joint limits of the model. The controller is used to produce
trajectories given the location of a block the person intends to
reach. We make the assumption that only positive examples
are available, as the person would not attempt to pick a block
they know they cannot reach.

We formulate and analyse the problem of task allocation
between the two entities in the domain as a binary classifica-
tion problem, where for every given block in the domain, the
robot needs to decide whether the person is able to reach it or
not. The classification labels are therefore the assignments of
tasks to either the person or the robot, and the ground truth
is produced by the human’s true ability.

As around 75% of the labels belong to the majority class
of assigning the task to the robot, we measure precision
and recall. Precision, in this case, captures all the cases
in which the robot erroneously assigned the object to the
person even though the person cannot reach it. Recall, on
the other hand, describes the instances in which the robot
mistakenly assigned the object to itself even when the person
can reach it as well. For completeness, we calculate the F1
score, which is the harmonic mean of the two metrics. We
contrast our approach with a classifier based on the naı̈ve
method introduced in the previous section.

We use a sequence of 10 tasks for training, and 20 unseen
tasks for testing. After each observed training task, we test
the classifiers on the test set. We use two priors in the
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Fig. 5. CAMO correctly assigns a higher percentage of tasks to the human compared to the naive method of just observing the joint limits produced in
the task. Top: strong prior, bottom: weak prior. The lines represent an average over 10 runs and the shaded areas represent the 95% Confidence Interval.

experiment: a strong prior in which only the shoulder joint
limits and elbow joint limits are allowed to vary and the wrist
limits are fixed and known, and a weaker uniform prior. We
bound the parameter space to the joint limits of a person
with a full range of motion. To ensure sufficient coverage of
the sampling space, we employ Latin Hypercube Sampling,
and we generate 5000 samples per task. For computational
speedup reasons, we only keep at most 500 best samples
from each task in our solution set Qn to calculate the joint
probability of these samples being the solution.

As seen in Fig. 5, both versions of CAMO achieve
precision of around 85% and near perfect recall in the case of
both strong and weak priors. Furthermore, the naı̈ve method
always predicts the majority class in all cases.

We therefore conclude that the predictions made through
the parameters learned with CAMO can be used by the robot
to predict the person’s plans in the demonstrated human–
robot collaboration scenario.

VI. DISCUSSION

Based on the results of the experiments described in sec-
tion V, we can conclude that CAMO learns useful represen-
tations of the person’s ability irrespective of the observation
space. This is especially useful as it means that CAMO
does not depend on availability of joint tracking to learn
a representation that helps it predict the future behaviour of
the person based on past observations.

It is important that samples cover a large amount of the
parameter space, to find the largest possible set of solutions.
One downside of such an approach, however, is that the
spacing between samples increases with the increase in
dimensions. We expect that, similarly to sample-based black-
box optimization, this method would not be effective in high-
dimensional parameter estimation.

Kernel density and the threshold at which a sample is
accepted into the posterior are important hyperparameters.
We determined those empirically, but a fine balance is needed

to ensure that enough samples are accepted without inflating
the error tolerance (the ε parameter) unnecessarily.

CAMO is not limited to estimating joint limits. The for-
mulation is general enough to infer any continuous variable
that influences the observable behaviour and for which we
have a causal model linking the variable to said behaviour.

Lastly, the parameterized models used in this work are
exact, that is, they correspond to the system that generates
the trajectories. We could, therefore, focus on the accuracy
of the predicted trajectories due only to our estimation
method. However, accurately modeling human trajectories
is an active research areas, and errors in the model will
compound with parameter estimation error in ways that we
did not investigate.

VII. CONCLUSIONS AND FUTURE WORK

We presented CAMO, a model-based multi-task method
to estimate human parameters in human–robot collaboration,
in order for robots to adapt to the particular user they
are working with and their capabilities. We assessed the
prediction error on stand-alone observations, and integrated
the observation in a collaborative manipulation task in a
realistic simulator. We showed that using planning on known
goals, CAMO enables the observer to estimate parameters
more accurately than from direct observation only. Fur-
thermore, the observer can use CAMO to adapt the sub-
task assignments in a collaborative task with a simulated
person with joint range of motion deficiency, adapting to
their capabilities. In this work, we considered only stationary
parameters. Extending the estimation to tracking changing
parameters is an interesting future work, for instance, in
scenarios that involve human fatigue estimation.
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