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Abstract—A solution for automated task planning and resource
allocation in robot systems is proposed. Deep Reinforcement
Learning is used to create task policies as generic task de-
scriptions in the object context based on product CAD models,
and modified Active Inference Framework is used to estimate
the quality of task execution in the robot context based on
robot accuracy and stiffness models. As an application, a robotic
assembly task with finding a best robot to execute the task, is
introduced.

I. INTRODUCTION

Flexible and agile production strategies, such as make-
to-order and engineer-to-order [1] are means for companies
to remain agile in evolving markets. Increasing autonomy
(cf. Industry 4.0 or Smart Manufacturing) [2] leads the way
towards this. Relying on a conventional product-specific pro-
gramming and hardware poses a real obstacle to flexibility.
Given multiple robots in a manufacturing system, several
robots may be qualified to execute a planned and programmed
task. This raises a problem of which robot to use for the
task. In assembly, handling requirements like contact forces
and positional accuracy determine which robot to select in the
context of a particular task.

In this paper, a solution for an automated task planning
and resource allocation for robotic assembly operations is
proposed, based on Reinforcement Learning (RL) [3], [4] and
Active Inference Framework (AIF) concepts [5], [6]. Our key
novelty is the distinction made between representations in an
object context and in a robot context. The planning of how a
new task has to be performed is in the object context. Deep
Reinforcement Learning (DRL) [3], [4] is used to create robot-
agnostic task policies, based on CAD models of assemblies.
Task allocation takes place in the robot context. A modified
AIF [5], [6] is used to estimate the quality of execution of the
learned task policies by available robots based on models of
spatial accuracy and stiffness of the robots.

The rest of this paper is organized as follows. In chapter II
we analyze related work, and in chapter III we introduce our
conceptual approach. In chapters IV and V we apply and test
our approach, and in chapters VI and VII we give discussions
and short conclusions.
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II. RELATED WORK

A mostly agreed taxonomy for task representation comes
from skill-based robotics, with layers for tasks, skills, and
primitives [7], [8]. The classic Peg-in-Hole activity represents
a typical skill in assembly where it is still possible for the
peg to get stuck due to the friction forces [9]. For robot task
learning, Reinforcement learning (RL) has made substantial
progress in recent years. In [10], a Task-Agnostic Learning
method (TAL) is proposed, learning fragmented knowledge
from task-agnostic data to accomplish new tasks. RL has been
also used in adding adaptation to impedance control in peg-in-
hole applications [11], [12], [13]. In [14], a pretraining method
for RL is presented, using geometric feature representations to
describe the contact states in peg-in-hole operations.

Our work is focused on how to learn the details of assembly
tasks, that is, primitive operations and skills, with aspects of
task and motion planning (TAMP) as also addressed in [15],
[16]. We assume that the admittance controllers of the robots
can handle the compliance needs as far as the positioning
errors are within acceptable limits and stiffness in admittance
control can be low enough.

A. Task Allocation

Task assignment problems have been studied in the context
of multi-robot systems ([17], [18]), using a variety of opti-
mization criteria, such as energy demands, duration, precision,
distances in terms of movements etc. and, correspondingly, the
physical constraints and skills of a robot. In [19], deep learning
methods are applied to perform such assignments. Multi-Agent
Deep Reinforcement Learning for Multi-Robot Applications
are discussed in [20] and [21]. These approaches are used in
controlling a robotic arm in a peg-in-hole scenario [21], as
well as in the coordination of multiple robots [22]. In [23],
a holistic framework is proposed to solve the online multi-
robot task assignment, planning and coordination problem for
heterogeneous fleets of robots subject to non-cooperative tasks
that are posted online. The focus is in coordinated use of the
shared work space and timing of robot operations. In [24],
the online allocation problem in multi-manipulator systems
is addressed. In [25], a dynamic allocation of tasks based on
reinforcement learning is described, optimizing the sequencing
of tasks and the robot selection process.



In our case, the robot selection process should be instan-
taneous and automatic with the assumption that characteristic
workspace-related attributes fulfill requirements, in particular,
with a focus on robot accuracy and stiffness.

B. Decision making by Active Inference Framework (AIF)

Active Inference is a framework for modeling cognitive
processes that drive the behavior of (human or artificial)
agents, acting based on their beliefs with the intention to
minimize the “expected surprise” in terms of the perceived
changes in the environment [26], [27]. Partially observable
Markov decision processes (POMDP) have been used to model
active inference ([6], [26], [28]) and AIF applications. AIF
in robotics include e.g., state-estimation and control under
uncertainty [29], [30], construction of goal-driven behaviors
[31], future action planning [32], and deep learning based
environment modelling [33].

In our case, we evaluate a learned robot agnostic policy
model against robot attributes (accuracy, stiffness) with dis-
crete modeling approach adapted to 3D robot motions.

III. METHODOLOGY

A. Approach

A two stage approach is proposed to learn and allocate new
tasks. Learning a task as a robot-agnostic policy as “nominal”
paths in space from product CAD models is considered in
the “object context”. Robot-specific attributes are taken into
account in a “robot context” to instantiate the object context
robot-agnostic policy for each available robot into robot-
specific policies that are compared against each other. The
“best” robot is assigned then the task by the quality of
movements.

First, DRL is used to learn policies describing paths for
movrepresentsing assembled objects in space. E.g., in case of
the peg-in-hole problem, a policy is learned to move the peg
(insertion object) into its target position in the assembly, based
on the assembly CAD model. Generating a policy in the object
context allows a straightforward comparison of the expected
performance of task executions for different robots.

Second, attributes of robots are used to form and evaluate
robot-specific policies. The evaluation is based on normalized
displacement uncertainties reflecting friction forces along the
direction of the compliant contact motion. This allows a
comparison of the performance of different robots.

B. Object Context Learning

In the object context, the learning takes place in reverse
order with respect to the intended assembly operation, starting
from the final state of the assembled model and leading to the
start locations of the parts in their disassembled state. Given a
simple peg-in-hole problem, it is assumed, that the receiving
target part of the assembly is located in the robot work space,
using a 3D camera to measure its precise location during task
execution. This means that a learned policy has to account for
possibly varying locations of the target part. This is shown in
figure 1. During training, the starting location is static, whereas

Fig. 1: Object context policy: inverse learning with a goal
cloud and adapting to varying locations of the target object in
the robot context

the goal state is selected as a random pose within the goal
cloud, (figure 1). The insertion object is then moved using
cartesian displacements as actions. The aim is to essentially
perform a disassembly of the parts.

In the object context, actions are regarded as being incre-
mental linear motions of objects and, through reinforcement
learning, a policy is calculated that drives these motions of
objects to achieve a goal state. Policy learning in the object
context utilizes the CoppeliaSim simulator [34]. Proximal
Policy Optimization (PPO) [35] is used to derive the resource-
agnostic policy for each task. During the learning process, the
agent attempts to maximize a total reward. The total reward is
calculated from the sum of the rewards gained by the agent.
The reward signal consists of a distance component (equation
1), collision component (equation 2) and goal component
(equation 3),

rd = −||pg − po|| (1)

where po refers to the position of the object and pg to the
position of the goal. The distance component considers the
euclidean distance from the center of the mass of the insertion
object to the goal position in the goal cloud.

rc =

{
−10 Collision detected
0 Else

(2)

rg =

{
1000 Goal state reached
0 Else

(3)

C. Robot Context Policy and Evaluation

Different robots have different positioning accuracy and
mechanical or controlled stiffness. From these, our policy
evaluation method finds the robot with lowest contact forces
within the object context policy. Our method is modified from
the POMDP model of AIF [27], [36].

The object context policy is transformed to the robot context
by extracting a sequence of cartesian displacements of the
tool (figure 2) and using inverse kinematics to compose the
robot arm motion path points (figure 3). Actions in the robot
context are then the tool pose displacements, extended with
scaled displacement errors of the robots (see equations 4 - 6).
An example of a policy transformed to the robot context is
illustrated in figure 4.



Fig. 2: Path generation from object context policy

Fig. 3: Robot action generation from pathpoints

Fig. 4: Representative steps of the screwing task in the
simulator environment

We consider that too high contact and friction forces may
cause sticking of assembled objects. We take the displacement
error and stiffness of a robot, and check how far from the
nominal path the robot may at worst take the object, and relate
it to the resultant contact force. Stiffness can take place as a
mechanical stiffness because of joint and link elasticity, or
controlled stiffness, like impedance control [37]. To compare
the worst case displacements we consider force normalized
displacement error in cases where penetration has occurred,
using the Hooke’s law:

F = −k∆x (4)

Here, F is the contact force, ∆x is the displacement over
the contact surface, based on the positioning error model of a
robot, and k is the stiffness of the robot arm. From there, we
have ki and xi for all robots i. We estimate the force according
to the Hooke’s law. To then generate the force normalized
displacement error, we define the reference stiffness as the
average of all stiffness values of the robots

kref =
1

n

n∑
1

kn (5)

The force normalized displacement error is then

∆xi =
Fi

kref
(6)

We use these to express uncertainty in the state transitions
(matrix B below).

The policy evaluation method outlined in [27] applies to
discrete models and uses the following variables:

• sτ : state vector; estimate at timestep τ ; e.g., for a 10x10
state space grid, the size of state space is 100

– Estimates of a 3D object location (x,y,z) projected
into the 2D location grids (e.g., (x,y) and (x,z) at
time τ )

• oτ : observation vector; value at time τ with lower
resolution as state estimates; e.g., for a 7x7 observation
space grid, the size of state space is 49

– an observation corresponding the 2D state estimates
(e.g., (x’,y’) and (x’,z’))

• B : State transition matrix; describes an action by map-
ping a state to a new state; if a discretized location is a
10x10 grid, the dimension of the state space is 100

– Given the current action, describes the state tran-
sitions, with the noise considering the positional
inaccuracy of the robot

• A : Observation matrix: maps state vectors in state spaces
to observations in observation spaces

– Path point observation corresponding a state estimate
in the state space; if state space is a 10x10 grid, the
state space dimension is 100 and if observation space
is a 7x7 grid, the observation space dimension is 49;
then A is a 49x100 matrix

• C : Prior preferred observations; list of observation
vectors, describing the expected observation according to
the object context policy

– Observations derived from the path points of the
general object context policy

• D : Initial state; state vector at time 0
– The starting position of the object at the beginning

of the evaluation based on the robot specific policy
realization

• G : expected free energy (EFE); facilitates between
achieving preferred outcomes (exploitation) and gaining
information to reduce uncertainty (exploration)

The state estimate in the beginning is calculated as a
sigmoid function from sum of the log probabilities of the initial
state estimate and the initial observation:

sπ,τ=1 = σ(
1

2
(lnD + lnAT oτ ) (7)

The state estimates for time steps ahead are calculated in
[27] from the sigmoid function of the predicted state transi-
tions and predicted observations. We don’t have predictions
of observations and they are practically zero matrices, and the
state estimate becomes then:

sπ,τ>1 = σ(
1

2
(ln (Bπ,τ−1sπ,τ−1))) (8)



The expected free energy is then calculated from differences
of desired goal observation and observations generated from
the states. The former relates to the instrumental value (IV) to
the exploitation, i.e., expected extrinsic reward and the latter
one epistemic value (EV) to the expected information gain
[38].

Gπ =
∑
τ

(Asπ,τ (lnAsπ,τ−lnCτ )−diag(AT lnAsπ,τ )) (9)

Equation 9 considers one state factor and one observation
modality. Often, and also in our case, it is beneficial to include
different observation modalities - or sensor spaces. We do this
within a policy, by calculating EFE’s for each state factor and
sensor modality using the equation 9 and calculating the sum
of the EFE’s per modality:

Gπ,r =

n∑
j=1

m∑
i=1

Gr,i,j (10)

The index i represents the sensor modality, j the time period
within which the expected free energy is calculated and r
the robot. To reduce complexity, multiple time periods can
be used.

The best policy π is finally acquired by applying the sigmoid
function to the EFE-values of the policies, and selecting the
one with the highest probability.

πbest = max
r=1,...,k

σ(−Gπ,r) (11)

Fig. 5: State transitions with constant noise

We do not have any expected observations, only the un-
certainties in the state transitions can be forecast. To comply
with both accumulating and state dependent uncertainties, we
keep track on nominal state transitions without uncertainties,
and state transitions with uncertainties, i.e. ”noisy” state
transitions. Depending on the type of action in a policy,
the uncertainty in the state estimate follows a constant level
or accumulates within the action steps. Figure 5 indicates
the state transitions between different states. The A matrices
model the observations, B matrices the state transitions, s
values the states and o values observations. The D matrix
models the initial state. At every step there is the nominal state

(the object at the timestep) and noisy state, which considers
where the robot may ends up in reality. Essentially, we
consider transitions to have constant noise, when observations
are performed at a step, such as with joint sensor feedback of
robotic arms.

IV. APPLICATION TO OPERATIONS IN ASSEMBLY TASKS

A. State and Observation Spaces

We have applied the object context RL and evaluation
policy realizations in robot context for assembly operations.
The policy evaluation method applies to discrete models and
it becomes easily computationally very expensive when a
discrete state space is used for expressing robot motions in 3D
space. In our case, the object context learning and, therefore,
also the general object context policy, as well as the robot
specific polices, consider motions in 3D space. For reducing
computational complexity, we discretize and map the states,
observations and policy actions from 3D to corresponding
2D projection spaces, i.e., planes, correspoding separate state
factors. We first divide the path data into two projections of
2D data. This is done simply by calculating the principal
component analysis of the original data from the object context
nominal path, and then comparing the axes against each other.
The projections are then created by selecting the two axes
with the highest eigenvalues as normals of the projection
planes, most representing the original data. To reduce the 2D
projection spaces further, we utilize a sliding discretization
window along the nominal path of the object context policy.
This allows us to reduce the dimensions of the state space
grid. For example, if the entire path could be covered within a
100x100 grid, where the cell size represents 1 mm in the task
space, instead of performing the computation for one 100x100
window, we can consider ten 10x10 windows.

During the evaluation, the position of the object throughout
the nominal object path as given by the object context policy,
is solved in the robot space by inverse kinematic and tool
models of the robot. Conceptually, the object position in each
window is considered individually as a state factor, and the
expected free energy is calculated for all robot policies in all
windows. This is calculated essentially from the difference
between the preferred observations (nominal path) and the true
perceptions, and the probability of the state estimate. Figure
6 visualizes the way the matrices of the evaluation framework
are derived from the environment. The C matrix is derived
from the object position in the nominal path. It is assumed
to be noiseless. B matrix then is the noisy or noiseless state
transition between two time steps. The observation estimate is
generated by multiplying the state with the observation matrix.
In the figure 6 it is represented as a set of grid cells, where
the higher probability areas are colored in darker colors.

For each time step, the evaluation requires dividing the path
data into two plane projections. In figure 7, a visualization of
this is shown (reduced state spaces for evaluating a policy
realization).

While evaluating the paths from the policy realizations
against the nominal path from the general object context



Fig. 6: Visualization of how to derive matrices used in evalu-
ation from the environment

Fig. 7: Visualization of policy discretization

policy, the window is slid along the nominal path from start
to end. The full grid can include large areas where no data
points are present. Focusing on smaller windows reduces
substantially the state space and computational costs.

B. State and Observation Space Resolutions

We considered also the possible difference in state and
observation resolutions. The basic idea is that the observations
that can be acquired from the environment are always less
accurate than the states. As an example, we can select a state
space for the evaluation as 10x10 grid, and the observation
space as 8x8 grid. The spaces cover the same area of the
task space, however, the different resolutions create a situation,
where the observation does not give unambiguously the state
of the object.

C. Simulation tests

Simulator experiments were performed for three tasks (peg-
in-hole, screwing and connector insertion) using CoppeliaSim
simulator with the PyRep [39] interface to control the envi-
ronment. Each task was expressed in object context, resulting
to the object context policy from the DRL, and with robots
for evaluating the robot context policy execution. Each policy
execution is simulated with three robots models: Franka Emika
Panda, UR5 and Kuka LBR Iiwa 14 R820. For robot context
simulations, Open Dynamics Engine (ODE) was used.

The simulator was used in two stages: 1) training the RL
agent to learn the object context policy and 2) executing test
runs. In between, the robot context policies were evaluated.
During training, the simulator was simply used to estimate

the motions of the objects based on movement actions in
task space, not considering the physics of the environment. In
our model, the training takes place under the assumption that
moving objects are in motion because they are manipulated
by a robot. This simplifies and speeds up the calculations
required during the training phase. In the evaluation of the
policy execution, the nominal path prescribed by the general
object context policy was used as a base for the robot end
effector positioning. The nominal object path was transformed
into robot tool paths by adjusting the grasp and tool correction
frames of each robot to align the object frame with the grasp
and tool correction frames.

Inverse kinematic solutions were calculated using the library
PyRep [39] and its get path function. With the robot context
actions, the tasks were tested in the simulator. The stiffness
was taken as a computational value from the related admittance
controller. The evaluation results show (8) that with Panda
robot better path following results are achieved. The combi-
nation of positional accuracy and stiffness as force normalized
displacement errors leads to the nominal path being followed
more closely.

Fig. 8: G values from robot policy evaluation for peg-in-hole
task

For the policy evaluation the following values were used:
Franka Panda: Stiffness 1500 n/m, repeatability ±0.1 mm,
UR5: Stiffness 2000 n/m, repeatability ±0.1 mm, Kuka LBR
Iiwa 14 R820: Stiffness 2500 n/m, repeatability ±0.15 mm
Stiffness values were selected as the median value within the
range of potential values.

V. DISCUSSION

Instead of comparing robot context policies for different
robots, we could compare the same robot with different
controlled stiffness, or with different locations of objects.
Additionally, the stiffness models and accuracy could be
extended from current static values to configuration dependent
ones.

In our evaluation process, the expected free energy is
calculated using two state factors in several windows of the
state space. These values are gathered both individually, and
summed together. We can extend the validity of the policy



realization with a simple threshold value. At any step, if the
expected free energy goes over this threshold value, the policy
realization would be deemed unsuitable for the task.

VI. CONCLUSION

A solution to tackle robotic production agility by automated
task planning and resource allocation was proposed. A two
stage approach was taken, with Deep Reinforcement Learning
to create task policies in the object context, based on product
CAD models, and with modified Active Inference Framework
to estimate the quality of task execution in the robot context
based on robot accuracy models. The solution was tested
successfully in a simulation environment. Future steps will
be taken to perform tests in real robot systems.
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