
 

Ingegneria dell’Informazione 

Ingegneria dell’Informazione
 



ii



Abstract

Robot technology is one of the pillars of modern society. Ad-
vances in information, electronic, and mechanical fields enable
us to build and program machines to perform tasks in very dif-
ferent contexts, such as industry, surgery, and space missions.
Specifically, in manufacturing, robots are mainly used to per-
form repetitive and unhealthy works like assembly, welding and
material handling, thanks to their mechanical robustness and
ability to repeatedly perform the same movements with high
accuracy and precision.

While in the early day, robot systems were constrained in
isolated and known environments. Over the past few decades,
robots have been asked to solve tasks in dynamic and un-
known/partially known environments, where they must coex-
ist and cooperate with humans, while solving different dy-
namic tasks [1] (e.g. pick a requested object, whose position
is not known a priori).

In this scenario, the desired characteristics of such robotic
systems are:

(a) Adaptability to new conditions, i.e., the system must
be able to easily adapt to dynamic changes in system
and environmental conditions, performing “intelligent”
behaviors to handle these new scenarios and solve the
desired task.

(b) Adaptability to new tasks, i.e., the system must be
able to easily adapt to both new variations of a known
task and completely new tasks by exploiting experience
to infer actions and solve them.

These requirements, can be challenging to achieve with tra-
ditional robot programming techniques based on hand-written
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policies and control methods. These conventional techniques
often require a meticulous analysis of process dynamics, the
construction of an analytical model, and the derivation of a
control law that meets specific design criteria. This design
process is tedious and time-consuming, particularly when high-
level perception systems (e.g., cameras, microphones, motion
sensors) are used to infer the state of the environment (such
as the unknown position of a desired object relative to the
end-effector) and the intentions of the human operator.

In contrast, significant advancements have been made by
leveraging learning techniques, where the control policy is in-
ferred from data. This data can be generated either by agent
experience [2] or by expert demonstrations [3].
In the case of agent experience, there is a trial-and-error proce-
dure where the control policy generates actions executed by an
agent, which interacts with the environment. The parameters
are then tuned according to the effectiveness of the actions,
based on their impact on the environment relative to the task
to be solved.
In the case of expert demonstrations, the control policy param-
eters are directly tuned using a dataset containing examples of
task execution. Here, the goal is to replicate the tasks observed
in the dataset.

Given this background, the thesis is framed in the context of
Learning from Demonstration (LfD), a learning approach based
on expert demonstrations. According to the requirements of
adaptability the thesis focus on a specific aspect of LfD, named
Multi-Task LfD. In this case, the control policy is not trained to
execute a single task (e.g., picking an object) with the goal of
generalizing across different objects and initial conditions [4, 5].
Instead, it is trained to handle various variations of a specific
task (e.g., picking an object from different possible locations)
[6] or even entirely different tasks (e.g., a single control policy
that solves both picking and placing tasks as well as assembly
tasks) [7, 8]. The goal is to generalize not only with respect to
the objects being manipulated and the initial conditions but
also with respect to the tasks themselves. This means that it is
possible to achieve a system capable of solving new variations
by leveraging the knowledge-sharing hypothesis.
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In this scenario, the learning procedure is much more chal-
lenging because there is the need to include and define the
conditioning signal (i.e., the signal that informs the policy
about the task to execute, the object to manipulate, and the
target placing location). Additionally, the environment can
contain multiple distractor objects (e.g., objects that can
potentially be manipulated but are not of interest for a given
task variation).

Regarding the conditioning signal, there are at least two
intuitive approaches. The first is through a natural language
description of the task to be executed [9, 10, 7], and the second
is through a video demonstration [6, 8].
In the former, the task is described using phrases that specify
the task details, such as “Pick the red box and place it into
the first bin”. Given in input the phrase, the system must be
able to infer the intent of the task (i.e., the pick-place opera-
tion) and the object of interest (e.g., red-box for picking and
first bin for placing), and correlate this information with the
environment and robot state to effectively control the robot.
In the latter, another agent (either a robot or a human opera-
tor) performs the task in a different environment configuration,
records this execution, and provides the video as input to the
control policy. The control policy must then infer the intent
from the video (i.e., the task to be performed, the object to be
manipulated, and the final state) and control the robot to com-
plete the task according to the agent’s state, the environment’s
state, and the commanded task.

Inspired by how humans can learn to replicate tasks by sim-
ply observing their execution, the main goal of this thesis is to
develop a system capable of replicating tasks shown in a video
demonstration. This involves addressing challenges related to
extracting task-relevant information from the video, such as
identifying the manipulated object and its final position.

Regarding the issue of distractor objects, they are typically
defined as items present in the scene but never involved in ma-
nipulation operations. Modern deep architectures can handle
this scenario effectively, as they can easily learn to ignore these
objects since they do not participate in any manipulation tasks.
However, in the context proposed in this thesis, the problem is
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further complicated by the fact that the semantic meaning of
an object (i.e., target or distractor) is defined at run-time by
the command itself. This means that if the initial configura-
tion consists of four objects (e.g., four boxes of different colors),
a specific object may or may not be of interest based on the
command given to the robot.

The primary contribution of this thesis is tackling the chal-
lenge of distractor objects. A key issue identified in existing
literature is target misidentification, where the learned con-
trol policy generates valid trajectories, enabling the robot to
reach, pick, and place objects, but frequently manipulates the
wrong object.

To solve this problem, two main considerations were made:

(1) Architectures proposed in the current literature are pre-
dominantly end-to-end, translating high-dimensional in-
puts, such as images, into corresponding low-dimensional
actions. As a result, the model must learn an implicit rep-
resentation that encodes both the task objective and the
current state of the environment, including the location
of the target object.

(2) The learning procedure optimizes an action-centric
metric, meaning that it is not directly linked to task suc-
cess but instead focuses on mimicking the expert’s actions
on average. This action-focused optimization can lead to
poor encoding of critical information, such as object po-
sitions.

These two factors can result in a control policy that fails
to effectively guide the robot toward the target object. In
particular, it was observed that the early stages of trajectory
execution are critical. Even small errors during these initial
steps can cause the robot to reach and ultimately pick the
wrong object.

Based on these considerations, this thesis explores the de-
velopment of a modular architecture instead of an end-to-end
approach [11, 12]. This architecture features modules specifi-
cally designed for reasoning about the objects of interest (e.g.,
target object and placement location). The outputs of these
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reasoning modules are then integrated to simplify the learning
problem for the Control Module. This module is now informed
by low-dimensional information, such as the position of the tar-
get object, which may be more effectively utilized during the
learning process, especially in light of the action-centric cloning
loss.

To perform this explicit reasoning, a Conditioned Object
Detector (COD) has been developed. This module, given the
video demonstration and the current agent observation as in-
put, predicts the category-agnostic bounding box related to
the target object and the final placing location. This low-level
positional information is then provided to the control module,
which predicts the actions to perform.

The learning procedure is then divided into two steps. The
first step involves training the COD module, which focuses on
explicitly solving cognitive tasks, such as detecting regions of
interest represented by the object to be manipulated and its
final location. The second step involves training the Object
Conditioned Control Policy (OCCP), which focuses on solving
the control problem using low-level positional information that
can be easily mapped into the corresponding actions.

The final system has been extensively tested in simulation
environments, then it was also validated on a real-world robotic
platform.

Regarding the simulated environment, the system was eval-
uated on both multi-variation single-task scenarios and
multi-variation multi-tasks scenarios, considering four sim-
ulated tasks: Pick-Place, Nut-Assembly, Stack-Block, and
Button-Press. Each task had different variations based on the
manipulated object and the final state. While the tasks share
common properties, they also have specific characteristics. For
example, the Nut-Assembly task involves contact-rich, precise
manipulation, whereas Pick-Place can be solved in a much
rougher manner.

Overall, the proposed methods demonstrated very promis-
ing behaviors and a general improvement over baseline methods
that do not include object-related reasoning. Specifically, in
the single-task multi-variation scenarios, the proposed method
achieved a success rate of 90.13% on average, which is an im-
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provement of +28.78% compared to the baseline method. In
the multi-task multi-variation scenarios, the proposed method
achieved a success rate of 79.24% on average, which is an
improvement of +33.23% compared to the baseline method.
This shows that solving manipulation tasks with an object-
oriented approach can be an effective paradigm for LfD prob-
lems. Additionally, this approach provides interpretable infor-
mation to the end user, as the predicted bounding boxes can
be interpreted as the locations where the robot will move.

In conclusion, the proposed method was tested also in a
real-world environment, where the complexity of the problem
is heightened by the presence of less and noisy data collected
through teleoperation. Even under these challenging condi-
tions, the proposed method demonstrated its effectiveness in
addressing both the cognitive and control problems, reaching a
success rate of 55.00%, which is a strong improvement with re-
spect to the 0.00% of the baseline method in the same training
condition. This confirms that the object prior can be success-
fully applied in real-world scenarios, enabling the development
of a reliable system despite limited and noisy trajectory data.
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Will robots inherit the earth? Yes, but they will be our
children.

- Marvin Lee Minsky -
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Chapter 1

Introduction

1.1 Motivation and thesis overview

This section presents the primary motivation for this thesis and
provides an overview of its structure.

A key objective in robotics is to develop autonomous robots
capable of executing a wide range of manipulation tasks (e.g.,
pick-and-place, assembly operations, etc.) based on specific
commands. This scenario presents varying levels of complexity.
For a given task, there may be different objects of interest, and
the initial state of the environment (e.g., the arrangement and
location of the objects) may not be fixed.

In traditional industrial settings, manually coded control
rules are effective for managing situations where robots follow
fixed and repetitive paths. This is possible because the cate-
gories and positions of objects are known in advance, and the
robot workspace remains constant over time (e.g., the workcell
shown in Figure 1.1).

However, the modern landscape of social robotics and con-
temporary industrial applications requires a higher level of
adaptability and flexibility. Robots are now expected to
operate in environments shared with human operators, receiv-
ing commands and interacting with them in a collaborative or
cooperative manner. For example, a robot may be tasked with
picking up a tool and delivering it to an operator. This requires
the robot to not only recognize different object categories and
estimate their positions but also to correlate the outcomes of
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(a) Robots involved in arc
welding operation.

(b) Robot involved in loading op-
eration.

Figure 1.1: Industrial Robots: example of applications.

environmental analysis with the commands received, adapting
its actions accordingly to exhibit “intelligent” behaviors.

To address this problem, the scientific community has fo-
cused on evaluating the use of data-driven approaches. These
methods include Imitation Learning algorithms, which lever-
age data from examples of desired behaviors, often referred to
as demonstrations, to enable a robot to replicate the demon-
strated tasks.

Multi-Task Imitation Learning methods, as discussed in
[13, 6, 8, 7], hold significant promise due to their capacity to
achieve both high adaptability and flexibility. These methods
leverage a multi-task dataset containing demonstrations for
n diverse tasks (e.g., pick-and-place, nut-assembly, etc.) to
train a single control function. This function maps the cur-
rent observed state (e.g., an image of the robot workspace)
and the command (e.g., a visual demonstration of the desired
task) to the corresponding action (e.g., the next pose of the
end-effector) to be performed by a physical robot. In this case,
high flexibility is reached because for a given task, there can
be numerous variations. For instance, in pick-and-place, varia-
tions arise due to differences in the target objects and their cor-
responding placing spots, thereby increasing the overall com-
plexity of the learning problem.

While these methods have shown significant potential, chal-
lenges remain in both single-task and multi-task scenarios. As
reported in [13, 14], existing systems struggle with identify-
ing critical task points, such as determining when to close the
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gripper near an object or when to open it near the placement
area, rather than understanding the broader intent of the task.
Moreover, performance drops occur when scenes involve dis-
tractor objects, i.e., objects that do not contribute to task exe-
cution. This underscores the need for enhanced capabilities to
correctly correlate commands with the results of scene analysis
to identify target objects.

In the context presented so far, this thesis addresses the
problem of Visual-Conditioned Multi-Task Imitation Learning.
The goal is to develop a system that can advance the real-
ization of a versatile collaborative robot suitable for industrial
applications. This robot should be capable of executing tasks
directed by a human operator and acquiring new skills based
on a limited number of demonstrations, building upon its ex-
isting knowledge. To illustrate potential applications, consider
a collaborative workspace where a human operator could in-
struct the robot to provide a tool or engage in assembly tasks.
Specifically, the focus is on exploring methods that rely on vi-
sual inputs, where the current state is an image depicting the
robot’s workspace, and the command is given in terms of video
demonstrations of an agent (e.g., robot or human) executing
the desired task.

This thesis takes a different approach to Visual-Conditioned
Multi-Task Imitation Learning. State-of-the-art methods typ-
ically use end-to-end architectures trained with action-centric
behavioral cloning loss, where high-level inputs (e.g., task
demonstration and agent observation images) generate low-
level control actions, and the network updates its parameters
based on action prediction errors.

However, in scenarios involving multiple tasks or varia-
tions of tasks, manipulation contains both control and cog-
nitive problems. Specifically, two main challenges must be ad-
dressed:

1. Command Analysis and Understanding: The first
challenge is analyzing the given command. From a high-
level task command, the system needs to understand
the intent (e.g., picking and placing versus assembling),
identify the relevant objects (e.g., selecting the blue box
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instead of the red one), and recognize the required skill
(e.g., reaching, following, or picking).

2. Action Generation: The second challenge is correlat-
ing features from the observed state with the information
derived from the command. The goal is to create an in-
termediate representation that integrates relevant infor-
mation from both inputs (e.g., focusing on the portion of
the image containing the target object). This represen-
tation should highlight key details necessary for inferring
the correct action based on both the current state and
the command.

Addressing these challenges with end-to-end architectures
is particularly difficult, especially in scenes with multiple simi-
lar objects that could either be distractors or the actual object
of interest depending on the task. Indeed, as shown by prelim-
inary results and evaluation of state-of-the-art methods, there
is a recurring issue of target object misidentification [11].
While these methods can produce control policies that result in
smooth and reasonable behaviors for high-level tasks like pick-
and-place or nut-assembly, they often manipulate the wrong
object, failing to complete the task correctly.

To address this issue, this thesis proposes an approach that
explicitly tackles the two challenges described before, intro-
ducing modular architectures, rather than end-to-end systems.
These modular architectures are composed of modules that are
specifically designed to handle the tasks of command analysis
and understanding, as well as action generation.

Specifically, this approach tries to leverage the well-known
capabilities of deep architectures in solving problems like object
detection to introduce object priors. These object priors can
provide crucial information to the control system about the
regions of interest in the workspace where objects of interest
are located, thereby improving the robustness of the system
against distractor objects as well as the interpretability of
the system, since the cognitive module can return information
about the region of the image where the robot is intended to
move.
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In conclusion, this thesis is organized as follows. Section 1.2
presents an overview of the classic methods used to address the
Learning from Demonstration problem. Chapter 2 introduces
the Conditioned Object Detection module, designed to solve
the cognitive aspect of the decision-making problem. Chap-
ter 3 presents the Object Conditioned Control Policy, aimed
at solving the control aspect of the decision-making problem.
Chapter 4 details the validation of these methods in a real-
world scenario.

Chapter 5 introduces an initial exploration of how learning
algorithms could extend the capabilities of the proposed sys-
tem. The Object Conditioned Control Policy developed thus
far effectively handles single-step tasks, such as tasks involv-
ing a single pick-and-place procedure. However, a more ver-
satile system would need to perform multiple pick-and-place
procedures, requiring a strategy for planning the sequence of
manipulation actions. This chapter focuses on examining the
potential advantages and limitations of data-driven methods
for heuristic estimation, particularly through analyzing the
performance of systems that leverage Graph Neural Networks
(GNNs) for heuristic estimation. The objective is to evaluate
whether these methods could serve as a baseline, into which
the proposed architecture might be integrated to generalize ef-
fectively to multi-step tasks.

Finally, Section 6 provides a summary of the results and
discusses potential future research directions.

1.2 Learning from Demonstrations

The chapter provides a comprehensive review of LfD problem,
offering an overview of the problem itself and the progression
of methodologies developed to address it over time. Specifi-
cally, Section 1.2.1 will focus on the formal definition of the
LfD problem. Following that, Section 1.2.3 will discuss var-
ious approaches and methodologies used to solve the prob-
lem. This section will include a detailed taxonomy of these
approaches, highlighting their respective advantages and disad-
vantages, and concluding with considerations that are relevant
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to the objectives of this thesis.

1.2.1 Problem formulation

In this section, the problem of Learning from Demonstration,
also known as Imitation Learning (IL), will be formalized.

The core idea behind IL is to program a robot by allowing a
human expert to demonstrate how to solve a specific task. This
approach avoids methods requiring complex, handcrafted rules
to define actions based on environmental dynamics, saving time
and reducing the need for coding expertise. To achieve this
goal, a way to transfer knowledge from the expert to the robot
is necessary. One possibility is to leverage data-driven methods
that can infer control rules from demonstrated trajectories [3].

In this context, two general actors must be defined: the
expert, who demonstrates the desired behaviors, and the
learner, whose goal is to learn and replicate the behaviors
demonstrated by the expert [3, 15]. Both the expert behaviors
and the learner behaviors are described in terms of policy,
generally denoted as ÃE and ÃL respectively.

Since IL relies on expert demonstrations, these are collected

in a dataset DE =
{(

τ
E
i , ci

)}N

i=1
, where:

• τ
E
i is the ith demonstrated trajectory, generated by the

expert policy τ
E
i ∼ ÃE. It can be described as:

– A state-action sequence, i.e., τ i = [s0, a0, . . . , sT , aT ],
when the ground truth action performed by the ex-
pert is available.

– A state-only sequence, i.e., τ i = [s0, . . . , sT ], when
the ground truth action is not available.

• ci is the context-vector, containing task-related informa-
tion such as the initial state of the system s0, the position
of the target object, or a representation of the task to be
executed (e.g., a natural language description of the task
or video demonstrations).

The state st can be represented in various ways. RGB im-
ages are commonly used, either from a third-person perspective



1.2. Learning from Demonstrations 9

[16], capturing the robot and its workspace, or from a first-
person perspective with cameras mounted on the robot [13] or
its gripper [10]. Alternatively, 3D scene representations can be
employed [17]. These high-dimensional state representations
can be further augmented with proprioceptive signals, such as
joint positions, velocities, and torques [4].

Regarding the policy, the predicted action, ât, can be gen-
erated into two distinct ways. In one case, it is described as
a deterministic function, meaning that it directly determines
the action as follows: ât = ÃL(st, ci)[13]. In the other case, it
takes on a probabilistic definition, where it represents a prob-
ability distribution from which to sample the desired action:
ât ∼ ÃL(st, ci) [8].

According to the definitions given in [3, 18], the learner
policy ÃL can be defined with respect to different abstraction
levels:

• Symbolic Characterization, the policy maps states, and
context to a sequence of options, i.e., Ã : st, c→ [o1, . . . , oT ],
where each option is a sequence of actions. With this
representation, complex tasks can be decomposed into
a sequence of simple movements. However, it is hard to
achieve an accurate task segmentation and motion order-
ing.

• Trajectory Characterization, the policy maps context to
trajectory, i.e., Ã : c → τ . Because it allows the initial
state to be mapped to a complete sequence of actions, this
representation can be used to obtain the options in the
Symbolic Representation. However, they need as many
dynamic features as possible, that can be difficult to ob-
tain.

• State-Action Characterization, the policy maps states(-
context) to actions, i.e., Ã : st, c → at. This representa-
tion makes it possible to map the current state directly to
the corresponding action. However, it is easy for errors
to accumulate in long-term processes. The action at can
also be defined in various ways, depending on the type
of control implemented by the method. Some methods
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operate in the joint-space, predicting motor control sig-
nals such as positions, velocities, and torques [4]. Other
methods work in the operational space, where actions are
assigned either an absolute pose with respect to a world
frame W, i.e., ai =

[

pWx , p
W

y , p
W

z , r
W

x , r
W

y , r
W

z

]

[8], or a dis-
placement relative to the current gripper position, i.e.,
ai =

[

∆pWx ,∆p
W

y ,∆p
W

z ,∆r
W

x ,∆r
W

y ,∆r
W

z

]

[13].

The expert and the learner, through their policies ÃE and
ÃL, act on an environment modeled as a Markov Decision Pro-
cess (MDP) [19]. An MDP is defined as a tuple (S,A,R, T, µ),
where:

• S ¦ R
n is the set of states (e.g., joint positions and/or

images).

• A ¦ R
n is the set of actions (e.g., desired end-effector

pose, desired joint torques).

• R(s, a, s′) is the reward function, which expresses the im-
mediate reward for executing action a in state s and tran-
sitioning to state s′.

• T (s′|s, a) is the transition function, which defines the
probability of reaching state s′ after executing action a

in state s. This distribution, which describes the system
dynamics, can be given a priori or learned (Model-Based
methods), or it may not be considered at all (Model-Free
methods).

• µ ∈ [0, 1] is the discount factor, expressing the agent’s
preference for immediate rewards over future rewards.

With respect to the given MDP definition, the reward func-
tion plays different roles depending on the approach used:

• In Behavioral Cloning (BC) methods, the reward func-
tion is not explicitly used. Instead, a surrogate loss func-
tion is employed.

• In Inverse Reinforcement Learning (IRL), the reward func-
tion is learned, under the assumption that the expert acts
(near-)optimally with respect to some unknown reward
function.
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(a) Example of kinesthetic
teaching [20].

(b) Example of teleoperation [4].

Figure 1.2: Examples of direct demonstration

• InGenerative Adversarial Imitation Learning (GAIL) and
Learning from Observations (LfO), the role of the reward
function varies based on the specific method, as will be
explained in Section 1.2.3.3 and Section 1.2.3.4.

1.2.2 Source of demonstration

As stated in Section 1.2.1, IL methods rely on a dataset DE of
expert demonstrations. In this section, the different way this
dataset can be collected are going to be discussed [18].

Direct Demonstration
In the case of Direct Demonstration, the expert trajectory is
a state-action sequence, where the action is obtained directly
from the robot. Specifically, the robot can be guided in task
execution through kinesthetic teaching [21, 20], teleoperation
[4, 22, 13, 7, 23, 24], or a (hand-)written policy [25, 6, 8, 26].

In kinesthetic teaching (Figure 1.2a), the human operator
contacts and guides the robot, recording parameters such as
the gripper pose, joint positions, and velocities. This has been
one of the first approaches for the LfD problem [27, 28] because
there is no need to consider differences in kinematics between
human and robot. As a result, the data has less noise, and
there is no need for expensive external tools for teleoperation.
However, the robot must be passively controllable and require
direct contact, which introduces safety problems and can be
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unintuitive for robots with multiple degrees of freedom.
In teleoperation (Figure 1.2b), a human operator remotely

controls the robot using devices such as joysticks, control pan-
els, or wearable technology. These tools enhance safety by
eliminating direct contact between the robot and the human
expert. Teleoperation systems have been applied in various
studies. Authors in [22, 29] introduced Roboturk, a teleop-
eration framework that uses mobile phones as controllers to
collect large-scale demonstration datasets for simulated and
real-world robots [29, 5]. Similarly, authors in [4, 13, 7] em-
ployed virtual reality controllers, enabling operators to intu-
itively navigate 3D environments by mapping the controller’s
pose to the robot’s gripper pose. This technology offers a safe
and user-friendly method for robot teleoperation. However,
its primary limitation is the absence of haptic feedback, which
can be addressed by integrating haptic interfaces such as those
described in [30, 31].

Demonstrations collected with hand-written policies assume
that the expert has access to ground truth information, such as
the precise position of the object of interest. This assumption
holds in simulated environments commonly used for training,
testing, and validating robotic learning methods, as shown in
[6, 8, 26]. These works employed Robosuite [32], a widely
used simulation environment in the robotics community, to
collect demonstrations with hand-written policies that lever-
age ground truth positional data to solve tasks like Pick-Place,
Nut-Assembly, and Stack-Block. Simulation environments en-
able consistent evaluation, reproducibility, and controlled test-
ing of proposed methods.

However, hand-engineered policies are not restricted to sim-
ulation. For example, [25] combined automatic grasping prim-
itives with diagonal Gaussian distributions to collect demon-
strations on real-world robots. This approach aims to generate
numerous trajectories with minimal human intervention.

Indirect Demonstration
As discussed previously, in direct demonstration, an expert
controls the learner agent and records the actions performed.
The concept behind Indirect Demonstration (Figure 1.3) is to
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(a) Example of indirect demonstration
based on wearable device [33].

(b) Example of direct demonstration based
on human video demonstration [34].

Figure 1.3: Examples of indirect demonstration.

collect demonstrations that are completely disconnected from
the target robotic platform. In the most promising scenario,
a human demonstrator performs the desired tasks and records
their operations. The learner, starting from this set of record-
ings, must be able to extrapolate the knowledge needed to repli-
cate the observed tasks.

In this case, the expert demonstrations consist of state-only
trajectories. Due to differences in the action space between the
human demonstrator and the robot, such as variations in em-
bodiment, it is not feasible to directly use human joint trajec-
tories to minimize a supervised loss based on the robot action
space.

Initially, methods that follow this approach used wearable
devices to capture human movement and record it [35, 33]. For
example, in [35], the authors used a motion capture system
to record the movement of a dancer and then transfer these
trajectories to a humanoid robot. Similarly, in [33], the authors
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used a tactile glove [36] to record the movement performed by a
human hand in the operation of opening bottles (Figure 1.3a).

In this line of research related to indirect demonstrations,
there are also novel methods [34, 37, 38, 39, 40] that, inspired
by the way humans learn by watching task execution, remove
the assumption of having access to recorded human joint tra-
jectories. In this case, the demonstrations are just videos of
the human demonstrator (Figure 1.3b). Here, the system must
infer from the video not only the intent of the task but also how
this task can be solved and transform this information into its
own action space.

Generally, methods based on wearable devices allow for
very intuitive demonstrations, including critical information
for manipulation tasks such as force and tactile information
[33]. While methods based on just video demonstrations are
very promising because they allow for the collection of demon-
strations in the most intuitive and scalable way possible (po-
tentially any video of a performed task can be used). However,
both these approaches have to solve the correspondence prob-
lem, i.e., the system must be able to map motion captured
in human space into the corresponding motion of the robot.
In Section 1.2.3.4, the different ways this problem has been
solved in the context of visual demonstration will be explained
in detail.

1.2.3 Methodologies

This section is dedicated to present and analyze various ap-
proaches for solving the LfD problem described in Section 1.2.1.
Specifically, the proposed taxonomy is derived from studying
different review papers [41, 42, 43, 18, 44, 15]. Figure 1.4
provides a graphical representation of the proposed taxonomy.
The methods are first categorized based on the type of demon-
stration, either State-Action or State-only, followed by an
overview of the different methodologies. The proposed taxon-
omy highlights the learning algorithm and main components
for each methodology.

This chapter is divided into the following sections. Sec-
tion 1.2.3.1 reviews methods for the fully-supervised learning
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Figure 1.4: Taxonomy of LfD methods, divided based on type
of demonstration and the learning algorithm used to learn the
learner policy ÃL.

methodology known as Behavioral Cloning.
Section 1.2.3.2 discusses methods under the umbrella of Inverse
Reinforcement Learning, which solve the inverse optimization
problem by first learning the reward function and then us-
ing it to guide policy optimization following a reinforcement
paradigm.
Section 1.2.3.3 reviews methods leveraging the concept of Gen-
erative Adversarial Learning to optimize policy parameters and
learn demonstrated behaviors, classified as Generative Adver-
sarial Imitation Learning methods.
Finally, Section 1.2.3.4 covers the most recent methodology,
Learning from Observation, characterized by optimizing the
learner policy using state-only demonstrations.

Each paragraph will present the research in the same way,
i.e., the proposed works will be presented in a temporal order,
highlighting the evolution of techniques and approaches over
time. It is important to note that with respect to the problem
managed in this thesis, the most relevant and most related
literature is the one presented in Section 1.2.3.1. However, for
sake of clarity and completeness, all the other approaches will
be described with their pros/cons, with some considerations
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Algorithm 1 Abstract Algorithm for BC methods

Require: A set of expert demonstrationsDE, a parameterized
policy ÃLθ

Ensure: The optimal set of policy parameter ¹∗

Optimize L w.r.t. policy parameter ¹ using DE

with respect to the proposal of this thesis.

1.2.3.1 Behavioral Cloning

Behavioral Cloning is one of the earliest methods used to
address the Learning from Demonstration problem [45]. The
high-level supervised learning procedure followed by BC
methods is outlined in Algorithm 1. Typically, BC meth-
ods take as input the expert demonstration dataset DE and
a learner policy modeled as a parameterized function ÃLθ . The
parameters ¹ may represent the weights of a neural network [45]
or the parameters of a dynamic system [46]. As a supervised
method, the objective is to determine the optimal parame-
ters ¹∗ that replicate the ground-truth behaviors within the
dataset DE. This is done by solving an optimization problem,
typically described by Formula 1.1.

¹∗ = argmin
θ

E(τ ,c)∼DE [L((τ , c), ÃLθ )] (1.1)

In the following section, different ways in which the general
optimization problem described by Formula 1.1 is formulated
and solved will be discussed.

Dynamical Movement Primitives
The Dynamical-Movement Primitives (DMPs) methods are the
first successful applications of the BC methodology to the LfD
problem. Their success is attributed to their ease of implemen-
tation and efficiency in learning. DMPs do not require learning
or estimating the system dynamics, nor do they require a re-
ward function or interaction with the environment during the
learning procedure, as they are supervised learning methods.

DMPs were first formalized in [46]. They derive the policy
directly in the trajectory space, allowing for explicit model-
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ing of constraints such as smooth convergence toward the goal
state. The core idea behind DMPs, as proposed in [46, 47], is to
model the trajectory as a point-to-point attractor system,
described by the set of differential equations in Formula 1.2.

Ä ẏ = ´s(³s(g − s)− y) + f(z)

Ä ṡ = y

Ä ż = −³zz, z(t) = z0 exp(−
αz

τ
t)

(1.2)

Here, ´s, ³s, and ³z are constants, s is the system state, z is
the phase-variable function of time t, and f is the forcing term
that describes the trajectory’s non-linear behavior. Generally,
f is a linear combination of basis functions Èi(z) (e.g., Gaussian
basis functions), such that f(z(t)) = (g− s0)

∑M
i=1 Èi(z(t))Éiz.

Essentially, a DMP describes a point-attractor system where
the current system state s must converge to the goal state g,
starting from s0. In this context, the aim is to learn the set of
weights {Éi, i = 1, . . . ,M}, which can be obtained by solving
a supervised learning problem with the loss function described
in Formula 1.3.

LDMP =
T
∑

t=0

(ftarget(t)− f(z(t)))
2 (1.3)

The function ftarget(t) is equal to ftarget(t) = Ä 2 s̈Et −´s(³s(g−
sEt ) − Ä ṡ

E
t ) represents the evolution of the expert state sEt to-

wards the goal state g, and represents the dynamic to mimic
through the learned linear combination of basis function f(zt).

The initial DMPs formulation proposed in [46] has several
issues that can be categorized as follows:

• Handling stochasticity in demonstrations. Differ-
ent demonstrations can vary slightly due to differences
in demonstrators, task completion methods, speeds, and
paths. This variability creates a distribution in the demon-
stration space, requiring a method to manage it.

• Defining different basis function. In DMPs, the
weights Éi of the basis functions are learned. However,
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the force term can also be defined using other formalism,
such as Gaussian Mixture Models [48], Neural-Network
Radial Basis Functions [49], or Gaussian Processes [50].
Therefore, the choice of how to model the force term is a
hyper-parameter of the problem.

• Managing arbitrary desired trajectories with in-
termediate via-points. Once the behavior encoded in
the demonstration is learned, generating novel trajecto-
ries that pass through new points (possibly defined by
a human agent) is not possible. Therefore, a method to
generalize to different waypoints is needed.

• Handling high-dimensional inputs. To use the DMPs
algorithm, it is necessary to work in the robot space,
recording joint and gripper trajectories through teleoper-
ation or kinesthetic teaching. However, in complex sce-
narios involving interaction with objects that do not have
fixed initial positions, it becomes essential to infer the ini-
tial object state from high-level inputs, such as images.

To address these drawbacks, several solutions have been pro-
posed. Notably, the authors in [51] introduced the Probabilistic
Movement Primitives (ProMPs) framework. This probabilis-
tic framework offers an alternative movement primitive repre-
sentation, capturing the variability across different demonstra-
tions and degrees of freedom (DoFs) through a covariance ma-
trix. Specifically, the trajectory Ä is modeled as a distribution:
τ =

∏

t

N(s(t)|Ψ(z(t))TÉ,Σs), where Ψ is a time-dependent

basis matrix.
Generally, modeling the problem in probabilistic terms has

several advantages, particularly the ability to generalize to new
goals by conditioning the learned distribution on a given novel
goal state [52].

To manage arbitrary desired trajectories, the authors in [53]
proposed a novel framework for learning movement primitives,
named Via-points Movement Primitives (VMP). VMP extends
both Dynamic Movement Primitives (DMPs), which can only
adapt to new start and goal positions but cannot directly han-
dle intermediate via-points, and Probabilistic Movement Prim-
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itives (ProMPs), which can adapt to via-points within the sta-
tistical distribution of the demonstrated trajectories.

To achieve generalization across trajectories, the authors of
VMP modeled the trajectory as a combination of two terms:
the elementary trajectory h and a shape modulation f , ex-
pressed as y(x) = h(x) + f(x) (Figure 1.5). The elementary
trajectory serves as the foundational path that directly con-
nects the start and goal of the demonstrated motion, and it
can follow the formulation of a linear trajectory with constant
velocity (Formula 1.4) or a minimum jerk trajectory (Formula
1.5). Specifically, the elementary trajectory can directly con-
nect with linear segments two points that can be either the
start and goal point, or the start and a via-point as well as the
via-point and the goal point.

y(x) = (y0 − g) x+ g + f(x)
h(x) = (y0 − g)x+ g

(1.4)

y(x) =
∑5

k=0 akx
k + f(x)

h(x0) = y0 − f0, ḣ(x0) = ẏ0 − ḟ0, ḧ(x0) = ÿ0 − f̈0
h(x1) = y1 − f1, ḣ(x1) = ẏ1 − ḟ1, ḧ(x1) = ÿ1 − f̈1

(1.5)

In contrast, the shape modulation f(x) is a linear model
f(x) = È(x)Tw + ϵf , where È(x) is a Radial Basis Function
and w is the set of learnable weights. This modulation term
allows for adjustments to the trajectory to accommodate spe-
cific via-points.

In this framework, the learning procedure consists of two
main components:

1. Learning the shape modulation, which involves learn-
ing the prior probability distribution of the parameter
vectors w, characterized by the mean µw and variance
Σw.

2. Modifying the elementary trajectory, which entails
determining whether the requested via-point can be ac-
commodated by adjusting the shape modulation or by
introducing a new linear segment into the elementary tra-
jectory.
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Figure 1.5: Graphical representation of the idea behind VMP
[53]. The final trajectory y is represented as the sum of two
components: the elementary trajectory h, and the shape mod-
ulation f . The elementary trajectory can directly connect two
points (e.g., start and goal points) with a linear segment.

To achieve this, VMP computes the conditional probabil-
ity of the shape modulation parameters given the desired via-
point. If this probability exceeds a certain threshold ¸, the
shape modulation is adjusted to ensure the trajectory passes
through the via-point. However, if the probability is below ¸,
indicating that the desired via-point is unlikely based on the
learned prior probability of w, VMP will modify the elementary
trajectory instead.

Overall, the VMP framework enhances the adaptability of
movement primitives by enabling the robot to learn and adjust
its trajectories based on a limited number of demonstrations
and specified via-points, making it a practical solution for var-
ious robotic applications.

In addition to these methodological advancements, several
works have leveraged DMPs to solve specific robot manipula-
tion problems [54, 21, 55]. In all of these cited works, DMPs
have been employed to address the problem of task decomposi-
tion, specifically the identification of different skills (e.g., pick,
pour, place, reach, etc.) involved in a task.

For instance, in the preliminary work [54], the authors used



1.2. Learning from Demonstrations 21

a set of predefined motion primitives modeled as DMPs. The
objective was to recognize these primitives within the demon-
strated trajectory using an Expectation-Maximization algo-
rithm. Similarly, in [21], DMPs were utilized to learn and
reproduce motion primitives from demonstrations during the
kinesthetic teaching of structured tasks. In this work, action
segmentation was performed based on either object proximity
or explicit human commands. When the robot manager iden-
tifies a new action, the corresponding DMP is learned, and the
sequence of tasks is organized into a hierarchical structure.

Despite all the successfully applications saw previously, DMPs
and all the variants have a very relevant limitation, that is re-
lated to the difficulty of handling high-dimensional input
such as images. For this reason, the scientific community has
focused the attention on methods that leverage deep architec-
ture, that will be explained in detail in the following para-
graphs.

Single-Task Imitation Learning
This paragraph will review the research conducted in the con-
text of Single-Task Imitation Learning. Specifically, within
the scope of robotic manipulation problems, the term “Single-
Task” indicates that the learned policy ÃL can perform only
the specific task it has been trained on. For example, if the
task involves a pick-and-place operation with a fixed place po-
sition, the model cannot handle variations in the place location.
Additionally, the focus will be primarily on methods that use
high-dimensional state representations, such as images, pro-
cessed by deep architectures to solve the problem.

In this scenario, the scientific literature extends far back in
time. One of the seminal works in this field was proposed in
1988 by Pomerleau, who introduced ALVINN [45]. ALVINN
is an autonomous vehicle driving system based on a Neural
Network that predicts the steering angle from a synthetic cam-
era image input. The network was trained on pairs of (image,
steering angle), with the training procedure framed as a super-
vised classification problem. This was achieved by discretiz-
ing the steering angle into 45 units. Pomerleau’s work imme-
diately highlighted the issue of compounding error, which
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Figure 1.6: Architecture proposed in [4].

arises from the covariate shift phenomenon. This issue oc-
curs because an action at influences the subsequent state st+1,
which becomes the next sample, thereby violating the i.i.d. as-
sumption of Supervised Learning. This results in a test-data
distribution that may differ from the training one, with signif-
icant consequences on the expected performance of the system
and is addressed by methods discussed in the paragraph on
Interactive Imitation Learning.

Despite the covariate-shift problem, authors in [4] showed
that very interesting performance can be obtained in the con-
text of Robot Manipulation, by means of Behavioral Cloning
and high quality demonstrations given by teleportation system.
In this work, a Convolutional Neural Network was trained to
predict the desired linear-velocity, angular-velocity of the end-
effector, and the binary gripper state (open/close), given in
input the current RGB-D observation of the scene, and the
position of three points of the end-effector, during the last 5
time-steps (Figure 1.6). The system was tested on 10 tasks, and
the performance are reported in Table 1.1. The proposed sys-
tem achieved a high success rate while evaluating all the tasks.
The tests were carried out from different initial conditions but
still quite similar to those present in the training set (e.g., the
initial object positions have been uniformly distributed within
the training regime, with random local variations around these
positions). The analysis of failure cases showed that the lead-
ing cause of errors was the inability to detect critical points
in the task execution, such as closing/opening the gripper to
pick/place the object or detect the position of the object of
interest in order to avoid collision with it.

Generally speaking, when working with these types of sys-
tems, there are various aspects and design choices to consider.
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Table 1.1: Statistics of Training set, and Test Success rate [4].

Task Reaching Grasping Pushing Plane Cube Nail
Grasp-
and-
Place

Grasp-
Drop-
Push

Grasp-
Place-x2

Cloth

#demo 200 180 175 319 206 215 109 100 60 100
demo duration

(min)
13.7 11.1 16.9 25.0 12.7 13.6 12.3 14.5 11.6 10.1

Test success rate
(%)

91.6 97.2 98.9 87.5 85.7 87.5 96.0 83.3 80.0 97.4

These include the selection of the architecture (e.g., temporal-
dependent or independent), the type of demonstration (human-
generated or machine-generated), the quantity of demonstra-
tions, and so on. The authors in [5] identify a set of challenges
in Learning from Offline Human Demonstrations context and
propose an extensive study, offering valuable insights for future
works.

Specifically, the authors tested three Imitation Learning al-
gorithms and two Offline Reinforcement Learning algorithms
in both simulated and real-world manipulation tasks (Figure
1.7). The study primarily focused on analyzing the following
aspects:

1. Source of Demonstrations. Comparing system perfor-
mance with demonstrations generated by hand-written
policies (MG), proficient human demonstrators (PH), and
multiple human demonstrators with varying levels of ex-
pertise in teleoperation (MH).

2. Observation Space. Comparing the performance of meth-
ods based on the type of input, whether low-dimensional
(gripper pose, gripper fingers position, object position)
or image-based (visual observation, gripper pose, gripper
fingers position).

Specifically, by extrapolating the most important results
from this study (Table 1.2), it can be observed that the most
promising architecture is the recurrent BC-RNN, particularly
for datasets composed of multi-human demonstrations (MH).
This architecture outperforms even state-of-the-art offline re-
inforcement learning algorithms, which tend to struggle with
datasets containing trajectories of varying quality.
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Figure 1.7: The set of tasks presented in the benchmark [5].

In conclusion, for real-world tasks, the BC-RNN architec-
ture achieved a success rate of 96.7% on the lift task, 73.3%
on the can task, and 3.3% on the tool-hang task. These results
are noteworthy, as they essentially demonstrate the feasibility
of training a proficient system from offline human demonstra-
tions. However, several aspects must be considered, such as the
simplicity of the test scenarios, which include only one object
without any distractors, and the potential benefit of incorpo-
rating contact information for contact-rich manipulation tasks
like the tool-hang.

After this work, further research in the field of Single Task
Imitation Learning, focused on exploring novel architecture [56]
and learning paradigm [57, 58, 59].

The contribution presented in [57] is particularly notewor-
thy in the context of the learning paradigm. The authors
introduced R3M (Reusable Representations for Robotic Ma-
nipulation), exploring the use of pre-trained visual backbones
for robotic manipulation tasks. In traditional computer vision
tasks, such as object detection, backbones pre-trained on large
general datasets are commonly fine-tuned for specific problems,
greatly reducing training time. However, this approach is less
prevalent in robotic manipulation, primarily due to the wide
variation in tasks, robot embodiment, and environments. This
raises the question of whether fine-tuning can be effectively
applied to robotic manipulation challenges.

To address this question, the authors in [57] started with
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Table 1.2: Results are presented on tasks performed in a low-
dimensional observation space for simulated environments. PH
refers to Proficient Human, which represents trajectories col-
lected by a single expert human demonstrator with extensive
experience in teleoperating the robot. MH refers to Multi Hu-
man, which represents trajectories collected by multiple human
operators with varying levels of expertise in teleoperation.

Dataset BC BC-RNN BCQ CQL

Lift (PH) 100.0± 0.0 100.0± 0.0 98.0± 1.6 52.0± 13.0
Can (PH) 97.3± 1.9 98.0± 0.9 86.7± 2.5 0.7± 0.9

Square (PH) 62.0± 4.9 82.0± 0.0 41.3± 4.1 -
Transport (PH) 55.3± 6.2 72.0± 4.3 0.7± 0.9 -
Tool Hang (PH) 20.0± 5.9 67.3± 4.1 3.3± 0.9 -

Lift (MH) 100.0± 0.0 100.0± 0.0 93.3± 0.9 11.3± 9.3
Can (MH) 85.3± 0.9 96.0± 1.6 77.3± 6.8 0.0± 0.0

Square (MH) 46.0± 1.6 76.7± 3.4 17.3± 7.5 -
Transport (MH) 18.7± 2.5 42.0± 1.6 0.0± 0.0 -

the Ego4D dataset [60], which contains over 3,500 hours of
video footage of people engaging in a wide range of tasks, from
cooking to socializing to assembling objects, across more than
70 locations worldwide. They trained a ResNet50 [61] to gener-
ate a robust representation that could be leveraged in robotic
manipulation tasks. The authors proposed a self-supervised
learning procedure designed to capture the following aspects:

• Temporal Dynamics. The learned representation should
account for features related to physical interactions. To
achieve this, the authors introduced aTime Contrastive
Loss, implemented as an InfoNCE loss, which creates
similar embeddings for time-adjacent frames while keep-
ing frames that are far apart in time or from different
videos distinct.

• Semantic Meaning. The learned representation should
encode information related to the task itself. To capture
this, the authors introduced a language prediction mod-
ule. Given the representation for the first frames of a
task k (ϕk0), the representation for the ith frame of the
same or a different task (ϕji ), and a language description
l referring to task k, the system must output a score indi-
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cating whether the transition from ϕk0 to ϕji corresponds
to the description l. In this way, the system is trained
to encode a representation that contains semantic fea-
tures related to the task itself, enabling it to determine
whether a given representation corresponds to a specific
task.

In testing, the authors demonstrated that using the pre-
trained R3M representation improves the overall success rate
while requiring fewer demonstrations. On the Meta-World
benchmark, with just 5 demonstrations, R3M achieved a suc-
cess rate of nearly 60%, compared to 30% for a system trained
from scratch.

In [58], the authors introduced the “Diffusion Learning”
paradigm for policy learning in robotic manipulation. The core
idea behind Diffusion Learning is to model the network output
as a denoising process. Starting with xk, sampled from Gaus-
sian noise, the denoising process iteratesK times, progressively
reducing noise to create intermediate samples,
xk, xk−1, . . . , x0, until the noise-free output x0 is achieved. This
process is described by the equation in Formula 1.6, where ϵθ
is the noise prediction network, and its parameters are trained
during the learning process.

xk−1 = ³
(

xk − µϵθ(x
k, k) +N(0, Ã2I)

)

(1.6)

The authors adapted this concept to robot manipulation by
observing that the denoising process can be applied to an action
akt . However, a challenge arises because the model must gen-
erate an action conditioned on the current observation. This
requires learning the conditional probability distribution p(at |
ot) instead of the joint distribution p(at, ot). To address this,
the authors proposed the architecture shown in Figure 1.8.

Specifically, in both architectures, the model takes the lat-
est To steps of observation data Ot (observation horizon) as
input and predicts Tp steps of actions (prediction horizon), of
which Ta steps of actions are executed on the robot without
re-planning.

After training the system by minimizing the Mean Squared
Error Loss, promising results were observed during testing.
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Figure 1.8: Architecture presented in [58]. (a) General formu-
lation, at time step t, the policy inputs the latest To steps of ob-
servation data Ot and outputs Ta steps of actions At. (b) CNN-
based Diffusion Policy, the observation feature Ot is condi-
tioned using FiLM [62]. Starting with AKt from Gaussian noise,
the noise-prediction network ϵθ iteratively subtracts noise to
obtain the denoised action sequence A0

t . (c) Transformer-
based Diffusion Policy, the observation embeddingOt is fed into
a multi-head cross-attention layer within each decoder block,
with causal attention applied to constrain each action embed-
ding to attend only to itself and prior actions.

Specifically, the model was tested on the tasks shown in Figure
1.7 and achieved near-perfect performance on the Lift, Can,
Square, Transport, and Tool Hang tasks, demonstrating the
diffusion model ability to handle noisy demonstrations from
the MH set. Additionally, the Transformer-based architecture
achieved an average success rate of 100% on the two most com-
plex tasks in the benchmark, Transport and Tool Hang.

Another significant work in Single-Task Imitation Learning
is presented in [59]. The authors address the issue of com-
pounding errors by proposing a novel approach, distinct from
the Interactive Learning Paradigm (discussed in the following
paragraph). They observe that a trajectory can be decomposed
into a limited number of key states or waypoints. By linearly
interpolating between these waypoints, a demonstrated trajec-
tory can be reconstructed with a certain degree of accuracy, re-
ducing the impact of compounding errors. This is because the
network predicts far fewer future states compared to methods
that predict every step of the trajectory. Based on this insight,
the authors introduced the “Automatic Waypoint Extraction”
(AWE) system. This pre-processing tool takes a trajectory Ä as
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input and decomposes it into a set of waypoints, from which an
approximate trajectory Ä̂ can be interpolated with a controlled
error margin.

Specifically, to decompose the original trajectory Ä authors
formalized the optimization problem in Formula 1.7, where
they basically wants to find the minimum number of waypoints
W such that a given reconstruction loss L is lower than a cer-
tain margin ¸.

min
W
|W | s.t.L((f(W ), Ä)) f ¸ (1.7)

They solved this problem by implementing a Dynamic Pro-
gramming based algorithm, which identifies the shortest sub-
sequence such that the reconstruction loss is less than ¸, while
ensuring that the points in the subsequence are restricted to
the original trajectory.

The authors applied this preprocessing tool in conjunction
with state-of-the-art architectures, such as the Diffusion Pol-
icy [58], to the same tasks presented in [5]. Notably, they
observed that, compared to the near-optimal results of [58],
the Diffusion Policy combined with the AWE system achieves
good performance with significantly less data. Specifically, in
the Square task, the system achieved an average success rate of
91.7% with only 100 demonstrations, compared to 82.0% with
the Diffusion Policy alone.

In conclusion, there is significant research interest in the
field of Imitation Learning for robotic manipulation tasks. How-
ever, the primary limitation of these Single-Task methods is
that they fall short of the ideal concept of a general-purpose
robot capable of solving any prompted task, which is the focus
of this thesis. To address this limitation, Multi-Task Imita-
tion Learning systems have been proposed. Indeed, as stated
in Section 1.1, one goal is to have an adaptable and general sys-
tem able to perform multiple-prompted task. These methods
will be discussed in details in the Section 3.1 of the core Chap-
ter 3. Despite this, the discussion of these methods is crucial,
as the approaches presented later in this thesis build upon the
foundational concepts introduced here.
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Interactive Imitation Learning
The Interactive Imitation Learning approach encompasses all
methods specifically designed to address or mitigate the com-
pounding error phenomenon, which was first described in [45].

As previously mentioned, this issue arises because, although
Behavioral Cloning primarily follows a supervised learning pro-
cedure, it does not satisfy the i.i.d. assumption. The agent’s
actions influence subsequent observations, creating dependen-
cies between samples in the training set. Consequently, when
the agent interacts with the environment, even small errors can
lead to new observations outside the training distribution, po-
tentially resulting in an unrecoverable situation that the robot
cannot resolve autonomously.

The significance of this problem was first formalized in [63].
The authors observed that if a system makes an error with
probability ϵ in a task with a time horizon of T , then, due
to the compounding of errors, a supervised learner incurs a
quadratic total cost of O(ϵ T 2), instead of the expected linear
cost of O(ϵ T ). The quadratic term arises because, at any given
time step t, the agent’s state is influenced by errors made in
the previous t − 1 steps. This cumulative effect breaks the
independence assumption typically held in the i.i.d. setting.

To attenuate this problem, interactive supervised learn-
ing algorithms have been proposed, such as the well-known
DAgger [64]. Algorithm 2 describes the DAgger procedure.
It is an aggregation strategy, based on the idea to train the
policy ÃL under the state-distribution induced by the policy
itself, but with the correct action performed by the expert.
The main problem with DAgger is that it requires the expert
to interact with the system during the training, introducing
both safety and data-efficiency problems, especially when
the system does not provide the human expert with sufficient
control authority during the sampling process [65].

Human-Guided DAgger (HG-DAgger) [66] is an enhance-
ment of the traditional DAgger strategy, where a human expert
oversees the rollout of the current policy. If the agent moves
into an unsafe region of the state space, the expert steps in
to guide the system back to safety. Specifically, HG-DAgger
was proposed in the context of autonomous vehicle driving,



30 1. Introduction

Algorithm 2 DAgger Algorithm [64]

Require: Initial Dataset D← ∅, Initial policy ÃL1
Ensure: The best policy ÃLi
for i = 1, . . . N do
Sample T − step trajectories using ÃLi
Let Di = (st, Ã

E(st)), state st visited by policy ÃLi , and
actions given by the expert
Aggregate Dataset, D← D

⋃

Di

Train policy ÃLi on D

Let ÃLi+1 = ´iÃ
E + (1− ´i)Ã

L
i

end for

however, in [13], it was shown that HG-DAgger is particularly
effective in robotic manipulation tasks. The study found that,
given the same total number of episodes, a policy trained ex-
clusively on expert demonstrations has a significantly lower
success rate than one trained on a dataset that includes both
expert demonstrations and expert corrections.

In the context of Interactive Learning for Robot Manipula-
tion, other works of interest include [67, 68].

In [68], a human expert provides both corrective and eval-
uative feedback. The former consists in the human that takes
control of the robot to adjust the trajectory, the latter con-
sists in a scalar weight q, set to 1 if the trajectory is satisfac-
tory, 0 if the trajectory is not satisfactory, ³ if the trajectory
is adjusted by the expert, where ³ is the ratio between non-
corrected and corrected samples. Then a Neural Network was
trained by minimizing a weighted version of the maximum-
likelihood, L(at, st) = −q log(ÃLθ (at|st)). Real-world experi-
ments show that with a training time of 41 minutes, including
environmental reset, it was possible to have an agent capable of
performing tasks such as picking up a cube or pulling a plug.

1.2.3.2 Inverse Reinforcement Learning

The Inverse Reinforcement Learning (IRL) problem, also known
as Inverse Optimal Control, is a LfD algorithm that addresses
a significant challenge in Reinforcement Learning: designing
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an appropriate reward function for a given problem.
In many manipulation problems [69], using a binary and

sparse reward function, where the reward is 1 if the task is
completed correctly and 0 otherwise, can lead to long and inef-
ficient training periods. For example, in a reaching task where
the goal is simply to reach an object, the agent would receive
a reward of 0 most of the time. More problematically, ac-
tions that bring the agent closer to the object and actions that
move it farther away would yield the same reward. In this
simple case, a better reward function would measure the rel-
ative distance between the agent and the object. While this
information is easily accessible in simulations, it is often un-
available in real-world settings, forcing algorithm designers to
make assumptions, such as having prior knowledge of the ob-
ject location.

To address this issue, several research approaches have been
proposed. One prominent approach is Reward Shaping. In this
method, the goal is to make the reward function more infor-
mative by introducing intermediate rewards during the agent
experience. These intermediate rewards are hand-engineered
and require some degree of domain knowledge.

The second approach, which is the focus of this chapter, is
Inverse Reinforcement Learning (IRL). In IRL, the main idea
is to learn the reward function R which explains the expert be-
haviors contained in the dataset DE, and then use the learned
R to train the agent using classic RL algorithms.

The IRL procedure was introduced in [70], and it is de-
scribed by Algorithm 3. Essentially, the IRL algorithm is an
iterative process where the parametrized reward function Rω is
first updated according to a given objective function L. Sub-
sequently, the updated reward function is used to update the
learner policy ÃLθ .

Generally speaking, the IRL approach faces two main chal-
lenges:

• The learning process can be time-consuming and imprac-
tical for high-dimensional problems due to the double-
nested optimization procedure.

• The IRL problem is ill-posed because multiple reward
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Algorithm 3 Classic feature matching IRL algorithm

Require: Dataset of expert trajectories DE =
{

τ
E
i

}N

i=1

Require: Reward function Rω, policy Ã
L
θ

while policy improves do
Evaluate the state-action visitation frequency µ of the cur-
rent policy ÃLθ
Evaluate the objective function L, w.r.t. µ and the dataset
DE

Update the reward-function parameters É based on L

Update the policy ÃLθ through an RL algorithm, using the
updated Rω

end while

functions can produce the same set of actions.

Despite these practical and theoretical challenges, various
significant scientific contributions have been made in this field.

To solve the problem of multiple solutions for the reward
function, constraints have been added to the optimization prob-
lem. Specifically, based on the type of constraint, there are two
approaches:

(a) The Maximum Margin Prediction (MMP) approach [71,
72].

(b) The Maximum Entropy (Max-Ent) approach [73, 74, 75].

The MMP methods assume that the demonstrated trajec-
tories are optimal and operate in a deterministic setting.
The aim is to find the cost function such that the reward of
the demonstrated trajectories, R(τE), is greater than the re-
ward of all alternative trajectories, Rω(τ ), by a certain margin
m, solving the optimization problem formalized in Formula 1.8.

max
ω,m

m s.t. Rω(τ
E) g max(Rω(τ )) +m (1.8)

The main problem with this formulation is that it does not
handle the case in which the expert behavior is sub-optimal,
leading to an ambiguous notion of margin.
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In the Max-Ent approach, the goal is to find the reward
function parameters È that drive the policy to maximize the en-
tropy, subject to feature expectation matching (Formula 1.9).

max
ψ

H(Ãrψ) s.t. Eπ
rψ [f ] = Eπ∗ [f ] (1.9)

The Max-Ent approach is the most popular in the IRL field
since it removes the ambiguous aspects of the previous formu-
lation. In the original work, the reward function was a linear
combination of the features, i.e., rψ = ÈT f . However, this
reward formulation is not suited for high-dimensional feature
spaces, which may require the capability to model non-linear
reward structures. In [74], a deep neural network was used to
model the reward function. In this work, the neural network
maps the feature vector f to the reward value and is trained
according to the Maximum-Entropy setting. Experimental re-
sults have shown that the ability to approximate highly non-
linear reward functions is essential for successfully solving tasks
in high-dimensional discrete state spaces. A generalization to
continuous state spaces was proposed in [75].

In particular, [75] addressed the problem of learning a cost
function in a high-dimensional continuous state space with un-
known dynamics. Starting from the exponential trajectory
distribution p(Ä) = 1

Z
exp(−cθ(Ä)), the main difficulty is the

estimation of the partition function Z, needed to compute the
negative log-likelihood loss function (Formula 1.10).

Lθ =
1

N

∑

τEi ∈Ddemo

cθ(Ä
E
i ) + log(Z) (1.10)

Since the dynamics are unknown, the idea was to estimate
the partition function through the trajectories obtained from
the current policy rollouts, with the hypothesis that, during
the learning of the cost function, the current policy drives the
distribution towards regions where samples are more useful.

Starting from these considerations, Algorithm 4 was pro-
posed. The algorithm returns a Linear-Quadratic Gaussian
[76] controller qk, obtained by solving the problem in Formula
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Algorithm 4 Guided-Cost-Learning Algorithm [75]

Require: Initial controller qk(Ä)
for i = 1, . . . , N do
Generate Dtraj from qk(Ä)
Dsamp ← Dsamp

⋃

Dtraj

Update the cost-function parameters, using Dsamp and
∇θL(¹)
Update the controller qk+1(Ä) ← qk(Ä) according to [76]
and using Dtraj

end for

1.11.

qk = argmin
q

E[cθ(Ä)]−H(Ä)

s.t. p(st+1|st, at) = N(st+1; fxtxt + futut, Ft)
(1.11)

The cost function was parametrized according to a neural
network, and experiments performed on real-robot manipula-
tion tasks such as dish placement and pouring proved the ef-
fectiveness of the proposed method and the necessity of a non-
linear representation of the cost function for complex problems,
outperforming the classic Max-Ent method.

Recent methods have aimed to advance IRL towards more
complex learning scenarios, such as learning a reward function
from video demonstrations. In [77], the architecture shown in
Figure 1.9 was proposed. The goal was to obtain the parame-
ters Ψ of a cost function CΨ(τ̂ , zgoal), enabling the derivation
of a sequence of actions by minimizing the cost function itself
(Formula 1.12).

anew = a− ¸∇aCΨ(τ̂ , zgoal). (1.12)

Different cost functions were proposed, all aiming to reduce
the distance between the current predicted keypoints and the
goal keypoint configuration. The trajectory τ̂ is a sequence of
predicted states [ŝ1, . . . , ŝT ], resulting from a learned dynamic
model, ŝt+1 = fdyn(ŝt, at).

Experimental results demonstrated that it is possible to
learn a cost function from human/robot video demonstrations.
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However, the proposed setting was tested on a very simple
reaching task, highlighting that much work remains to be done
to establish the effectiveness or ineffectiveness of IRL in com-
plex real-robot manipulation tasks starting from video demon-
strations.

Figure 1.9: Architecture proposed in [77].

1.2.3.3 Generative Adversarial Imitation Learning

The Generative Adversarial Imitation Learning (GAIL) is a
Learning from Demonstration approach proposed by the au-
thors of [78]. The rationale behind GAIL was to improve the
Inverse Reinforcement Learning (IRL) setting, which is expen-
sive to run due to the double-nested optimization procedure.
To achieve this objective, the authors in [78] started from the
Max-Ent formulation in Formula 1.13, and obtained a charac-
terization of the learned policy. This characterization combines
the learning of the reward function and the learning of the pol-
icy through a reinforcement learning algorithm. In Formula
1.13, È(c) is a cost-regularizer, È∗(c) is its conjugate, and Äπ
is the occupancy measure, i.e., the distribution of state-action
pairs that the agent encounters when navigating the environ-
ment with policy Ã.

The next step was to choose an appropriate regularization
function. In particular, by choosing the regularizer in Formula
1.15, the conjugate in Formula 1.16 can be obtained. This is the
classic Adversarial Learning Loss, where the current policy ÃL

acts as the GAN generator, and D is the GAN discriminator,
which must distinguish between state-action pairs generated
either by the expert policy or by the current policy.
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IRLψ(Ã
E) = argmax

c∈RS×A
− È(c)+

(

min
πL∈Π

−H(ÃL) + EπL [c(s, a)]

)

−

EπE [c(s, a)]
(1.13)

RL ◦ IRLψ(Ã
E) = arg min

πL∈Π

−H(ÃL) + È∗(ÄπL − ÄπE) (1.14)

ÈGA(c) =

{

EπE [g(c(s, a))] if c < 0
+∞ otherwise

,

g(x) =

{

−x− log(1− ex) if c < 0
+∞ otherwise

(1.15)

È∗
GA(ÄπL − ÄπE) = max

D∈(0,1)S×A
EπL [log(D(s, a))] +

EπE [log(1−D(s, a))]
(1.16)

Based on these considerations, Algorithm 5 has been proposed.
Specifically, the GAIL algorithm is an iterative procedure com-
posed of two main steps. The first step involves updating the
discriminator D, which must distinguish between trajectories
produced by the learned policy ÄLi and trajectories produced by
the expert ÄE. The second step involves updating the learner
policy ÃL according to some reinforcement learning algorithm
(e.g., TRPO was used in [78]). The policy is updated in such
a way that the trajectories it generates become indistinguish-
able from those of the expert for the discriminator, i.e., the
learner produces state transitions that are similar to those of
the expert.

In the seminal work [78], GAIL has proven to be more ef-
fective than classic IRL (Inverse Reinforcement Learning) al-
gorithms [73, 80]. The authors evaluated the GAIL algorithm
on nine classic simulated control tasks from the OpenAI Gym
simulator [81]: Cartpole, Acrobot, MountainCar, HalfCheetah,
Hopper, Walker, Ant, Humanoid, and Reacher.
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Algorithm 5 Generative Adversarial Imitation Learning Al-
gorithm

Require: Expert Trajectories ÄE ∼ ÃE, initial policy ÃLθ , dis-
criminator Dω

for i = 1, . . . , N do
Sample trajectories, ÄLi ∼ ÃLθ
Update Discriminator, with the gradient

ÊτLi
[∇ω log(Dω(s, a))] + ÊτE [∇ω log(1−Dω(s, a))]

Update Policy ÃLθ , with TRPO [79], us-
ing the cost-function C(s, a) = log(Dω(s, a)),
and the KL-constrained gradient step

Êτi [∇θ log Ãθ(a | s)Q(s, a)]− ¼∇θH (Ãθ)

Q(s̄, ā) = Êτi [log (Dw(s, a)) | s0 = s̄, a0 = ā]

end for

The observation and control spaces for these tasks are de-
tailed in Table 1.3, and the performance results are shown in
Figure 1.10. From these results, it is evident that the GAIL
algorithm overcomes classic IRL algorithms in terms of both
pure reward and sample efficiency. Consequently, subsequent
research has focused on improving the algorithm’s efficiency in
terms of environment interaction. This has been achieved by
replacing the model-free, on-policy TRPO algorithm with an
off-policy RL algorithm, as seen in [82], or by modifying the
reward function input to the RL algorithm [83, 84].

However, as noted in Table 1.3, the tested tasks are charac-
terized by low-dimensional state spaces. More recent research
[85, 86, 87, 88] has focused on testing the GAIL algorithms
in high-dimensional state spaces, where the input is an image.
Specifically, with respect to the Adversarial Imitation Learning
setting, works of interest are [87, 88].

In [87], the authors focused on solving the casual confu-
sion problem. This problem occurs when the discriminator,
during the learning process, focuses on task-irrelevant features
between expert and policy generated transitions, for example a
difference in the expert and agent embodiment like the gripper,
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Figure 1.10: The performance comparison proposed in [78] is
presented here. The y-axis shows the scaled reward, where the
expert’s reward is set to 1 and the random baseline is set to 0.
The IRL baselines FEM and GTAL refer to the IRL algorithm
described in [80], but with different cost functions.

Table 1.3: Observation and Action space for the tasks used
in [78].

Task Observation space Action space

Cartpole 4 (continuous) 2 (discrete)
Acrobot 4 (continuous) 3 (discrete)

Mountain Car 2 (continuous) 3 (discrete)
Reacher 11 (continuous) 2 (continuous)

HalfCheetah 17 (continuous) 6 (continuous)
Hopper 11 (continuous) 3 (continuous)
Walker 17 (continuous) 6 (continuous)
Ant 111 (continuous) 8 (continuous)

Humanoid 376 (continuous) 17 (continuous)

this causes the rewards to become uninformative. To reduce
the casual-confusion problem, in [87] two elements have been
proposed:

1. A regularization term, with the aim to make the discrim-
inator unable to distinguish between constraining sets
IE and IA. These sets are composed of expert and agent
observations, such that a sample can belong either to IE
or IA, based on spurious features (e.g., a different gripper
color);

2. An early-stopping policy called Actor Early-Stopping
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(AES), that restarts the episode if the discriminator score
at the current step exceeds the median score of the episode
so far for Tpatience consecutive steps.

To prevent the discriminator from focusing on task irrele-
vant features, the authors proposed a regularization term based
on the constraining-set accuracy defined in Formula 1.17. The
idea is that if the discriminator achieves an accuracy greater
than 1

2
on the constraining set, the maximized adversarial cost

function should be inverted, as shown in Formula 1.18.

accuracy(IE, IA) =
1

2
Es∈IE

[

1Dωg 1
2

]

+
1

2
Es∈IA

[

1Dω< 1
2

]

(1.17)

Lψ (sE, sA, ŝE, ŝA) = Gψ (sE, sA)

− 1accuracy (ŝE ,ŝA)g
1
2
Gψ (ŝE, ŝA) ,

where Gψ (sE, sA) =
N
∑

i=1

logDψ

(

s
(i)
E

)

+ log
[

1−Dψ

(

s
(i)
A

)]

(1.18)

The proposed system was tested on 4 tasks (Figure 1.11),
with the agent trained on each single task, according to the Dis-
tributed Distributional Deterministic Policy Gradients (D4PG)
[89] RL algorithm, with reward-function R(st) = − log(1 −
Dω(st)). Experimental results have shown how the proposed
system overcomes the GAIL [78] baseline, both in setting with
spurious features and without spurious features (Figure 1.12).

The authors of [88] proposed a more data-efficient Adver-
sarial Imitation Learning method. They leveraged a model-
based approach within a high-dimensional state space. Instead
of generating a dynamic model in the image space, i.e., train-
ing a generative model to produce the next image based on the
current image and the performed action.Their method encodes
observations defined in the image space into a corresponding
latent space characterized by vectors of smaller dimensions.
Then, they learn a dynamic model in that space, training a
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(a) Lifting task.

(b) Lifting with distractors task.

(c) Block Stacking task.

(d) Block Insertion with distractors task.

Figure 1.11: Tasks solved in [87].

Figure 1.12: Experimental results on tasks without and with
spurious features [87].

generative model to produce the next embedding based on the
current encoded observation and the performed action. The
proposed learning procedure is based on three main steps:

1. Learn the Latent Dynamic Model, (Ûβ, T̂β, qbeta), by max-
imizing the Evidence Lower Bound (Formula 1.19), where

Ûβ is the decoder, qbeta is the encoder, and T̂β is the tran-
sition model;

2. Train a discriminator, Dθ, by minimizing the Adversarial
Loss function (Formula 1.20);

3. Train a policy ÃLθ , by maximizing the Value function (For-
mula 1.21).
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max
β

Eqβ

[

∑

t

log(Ûβ(st|zt))

+DKL(qβ(zt|st, zt−1, at−1)||T̂β(zt|zt−1, at−1))
]

(1.19)

min
θ

E(z,a)∼ρE(z,a) [− log(Dθ(z, a))]

+ E
(z,a)∼ρπ

L

T̂

[− log(1−Dθ(z, a))] (1.20)

max
πL
θ

V K
θ,β(zt) = max

πL
θ

EπL
θ
,T̂β

[

t+K−1
∑

τ=t

µτ−t log(Dθ(z
πL
θ
τ , a

πL
θ
τ ))

+µKVβ(z
πL
θ

t+K)
]

(1.21)

With this learning setting the proposed system outperforms
previous works such as [86, 82] both in terms of data effi-
ciency and overall performance, on a set of continous con-
trol tasks.

Generally speaking, the Generative Adversarial Imitation
Learning has shown very promising performance in simulated
control tasks and simulated robot manipulation tasks, even in
complex high-dimensional state-space. However, it is not so
clear, how these methods could perform in real-world robotic
manipulation tasks, in terms of data-efficiency, generalization
capability, and safety during real-world interactions.

1.2.3.4 Learning from Observation

In the previous sections, the methodologies assumed access to
the agent actions, working with state-action trajectories. In
Learning from Observation (LfO), this assumption is relaxed,
and methods for learning from state-only demonstrations are
introduced. This approach has gained significant attention in
recent years [37] because it theoretically enables a robotic sys-
tem to be programmed as naturally as possible. Ideally, a
robotic system should be able to replicate a task by observing
a human or another robot performing it, without access to the
actions taken, in contrast to the methods described thus far.
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Figure 1.13: Representation of embodiment mismatch
problem. (Left) The source domain represented by a video
of human performing a task. (Right) The target domain, rep-
resented by the robot that executes the observed task.

To address this problem, several questions need to be an-
swered:

1. How can embodiment mismatches be resolved when the
demonstrator has a different embodiment than the imi-
tator?

2. How can the correspondence problem be handled when
the demonstrator viewpoint differs from the imitator?

3. Once the perception subsystem issues are resolved, how
is the policy ÃL obtained?

The first question refers to the correspondence problem in-
troduced in Section 1.2.2. This problem arises when the demon-
strator embodiment differs from that of the learner, meaning
that methods cannot directly use the recorded trajectories of
the demonstrator.

One approach to solving this problem is to use methods
that perform image-to-image translation. This involves using
generative deep architectures to transform images of a subject
in one domain (e.g., a human demonstrator) into images where
the context remains the same, but the subject is different (e.g.,
the human demonstrator is replaced by the target robot) as
depicted in Figure 1.13. This approach has been followed by
authors in [34, 38, 90].

Specifically, the authors in [34, 38] used the Cycle-GAN
architecture [91] to translate images from the source domain
(human images) to the target domain (robot images) in an
unsupervised manner. The work in [91] shifted the translation
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problem from a paired image setting, where each source domain
image has a corresponding target domain image, to an unpaired
image setting, where the source domain image does not have a
corresponding target domain image.

To address this, Cycle-GAN introduces a novel learning
procedure involving two translation models: G : X → Y and
F : Y → X. The first model maps inputs from the source
domain to the target domain, while the second model maps in-
puts from the target domain back to the source domain. These
two models are trained in an adversarial setting by minimizing
the loss function shown in Formula 1.22.

L(G,F,DX , DY ) = LGAN(G,DY , X, Y )+

LGAN(F,DX , Y,X) + ¼Lcyc(G,F )

LGAN(Z,DK , S, T ) = Et∼pdata(t) [log(DK(t))] +

Es∼pdata(s) [log(1−DK(Z(s)))]

Lcyc(G,F ) = Ex∼pdata(x) [∥F (G(x))− x∥1] +

Ey∼pdata(y) [∥G(F (y))− y∥1]
(1.22)

Here, LGAN is the adversarial loss component, where the dis-
criminator DK is trained to distinguish between real samples
t ∈ T and translated samples Z(s). The generator Z is trained
to generate samples that are as similar as possible to those in
the target domain, starting from samples in the source domain.
Meanwhile, Lcyc is a loss term that aims to maintain consis-
tency between the generated samples and the ground truth
one.

The application of this concept in the domain of interest,
lead to a dataset for the source domain was composed of hu-
man demonstrations as well as a small amount of “random”
data, in which the human moves around the scene but does
not specifically attempt the task, while for the target domain,
it consists of robot images executing randomly sampled actions
in a few different settings.

The second question also addresses a variant of the cor-
respondence problem, where, in addition to the embodiment
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mismatch, the problem of different viewpoints is also encoun-
tered (Figure 1.14a). This issue has been tackled in [92, 85].

In [92], a Convolutional Neural Network was trained using a
Triplet-Loss [93]. The aim was to train a network to predict an
embedding independent of the viewpoint, but containing only
task-relevant features. To achieve this, the network had to pro-
duce an embedding, f(x), such that ||f(xai ) − f(x

p
i )||

2
2 + ³ <

||f(xai ) − f(x
n
i )||

2
2 for all (f(xai ), f(x

p
i ), f(x

n
i )) ∈ T, where T is

the set of all possible triplets in the dataset. This implies that
embeddings produced by samples from different viewpoints,
but sharing the same time-step, (xai , x

p
i ), should be similar,

while embeddings produced by samples from the same view-
point, but at different time-steps, (xai , x

n
i ), should be different

(Figure 1.14a).
In [85], a different approach was employed. Here, a context

translation problem was addressed using an Encoder-Decoder
architecture (Figure 1.14b). The proposed architecture was
trained on pairs of demonstrations, Di = [oi0, o

i
1, . . . , o

i
T ] and

Dj = [oj0, o
j
1, . . . , o

j
T ], composed of visual observations. Samples

in Di come from the source context Éi, while samples in Dj

come from the target context Éj. The model must output
the observations in Dj conditioned on both Di and the first
observation oj0 from the target domain.

As will be explained next, the outputs of both the Time-
Contrastive and the Context-Translation networks can be used
to obtain an engineered reward function.

The third question concerns the method by which the final
learned policy is derived. To present the different approaches,
it is essential to distinguish between Model-Free and Model-
Based methods (Figure 1.15).

Model-Free
Model-Free methods are characterized by the fact that they
do not leverage knowledge about the environment dynamics,
which can either be given a priori or learned through data-
driven approaches. A further classification must be done be-
tween Reward Engineering and Adversarial Learning approaches.

Reward Engineering methods are characterized by the
use of a hand-designed reward function to train the policy ac-
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(a) Time-Contrastive network,
proposed in [92].

(b) Context-Translation net-

work, proposed in [85]

Figure 1.14: Examples of how the mismatch between demon-
strator viewpoint and learner viewpoint can be handled.

Figure 1.15: Learning from Observation taxonomy.

cording to the Reinforcement Learning paradigm [2]. Methods
based on this approach include [85, 92, 38, 94].

In [85], the reward function is defined as in Formula 1.23.

R(olt) = −

∥

∥

∥

∥

∥

Enc1(o
l
t)−

1

n

n
∑

i=1

F (oit, o
l
0)

∥

∥

∥

∥

∥

2

2

−

wrec

∥

∥

∥

∥

∥

olt −
1

n

n
∑

i=1

M(oit, o
l
0)

∥

∥

∥

∥

∥

2

2

(1.23)

The first term is the classic Feature Tracking reward function,
which aims to minimize the Euclidean Distance between the
encoding of the current learner observation olt and the encoding
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Figure 1.16: Architecture proposed by [38].

of the demonstration in the learner context. The second term
penalizes the policy for experiencing observations that differ
from the translated observation.

In [92], the reward function is defined according to Formula
1.24.

R(vt,wt) = −³ ∥wt − vt∥
2
2 − ´

√

µ + ∥wt − vt∥
2
2

(1.24)

Where vt is the TCN embedding of the video demonstration
at timestep t, and wt is the TCN embedding produced by the
robot observation (Figure 1.14a).

In [38], a keypoint representation (Figure 1.16) is ob-
tained for both the current robot observations zt and each
frame of the translated demonstration video {zEp }

T
p=1. The re-

ward is then computed as in Formula 1.25.

R(zt, zt+1, z
E) = −¼1 min

p

∥

∥zt − z
E
p

∥

∥−

¼2 min
p

∥

∥(zt+1 − zt)− (zEp+1 − z
E
p )
∥

∥

(1.25)

The main idea is to generate actions that minimize the dis-
tance between the translated keypoints and the keypoints ob-
tained from the current robot observation, thereby reproducing
the demonstrated trajectory. The min operator is necessary
because the robot and the demonstration are not temporally
aligned; there is no a priori knowledge about which demonstra-
tion frame corresponds to the current agent state.

In [94], the reward function was defined as
R(st) = −

1
k
||ϕ(st) − g||

2
2, where g is the goal embedding, de-
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Algorithm 6 GAIfO algorithm [96]

Require: Initial policy ÃLφ , Initial Discriminator Dθ

Require: State-only expert demonstration trajectories ÄE =
{(s, s′)}
while Policy Improves do
Execute ÃLφ and collect state transitions ÄL = {(s, s′)}
Update Dθ, with LDθ = − ( EτL [log(Dθ(s, s

′))] +
EτE [log(1−Dθ(s, s

′))] )
Update ÃLφ , with reward rπL

φ
= − ( EτL [log(Dθ(s, s

′))] )

end while

fined as the mean embedding of the last frame of all the demon-
stration videos in the dataset, while ϕ(st) is the embedding of
the current observation. Experimental results, on simulation
data proved that the proposed method can be used to learn
tasks from cross-embodiment demonstrations, outperforming
baseline [92] in terms of both sample efficiency and perfor-
mance.

Adversarial Learning methods rely on the Adversarial
Learning paradigm and are closely related to the GAIL meth-
ods (Section 1.2.3.3). Unlike the methods discussed in the
GAIL section, these methods do not assume access to the
demonstrator’s actions. Preliminary works in this area have
been proposed in [95, 96].

The goal of authors in [95] was to demonstrate that the Ad-
versarial Learning setting can be effectively used even without
action information. To test this hypothesis, the authors con-
ducted a series of experiments in simulation for a walking task,
where the same RL policy was trained in two contexts: one
where the Discriminator had access to the (state, action) pair,
and another where the Discriminator had access to state-only
demonstrations. The results showed no substantial difference
between the two settings, supporting the hypothesis that the
essential information for task learning is contained in the state.

The next significant work was proposed by the authors of
[96], who formalized the GAIfO algorithm (Algorithm 6), an
extension of GAIL [78] to state-only demonstrations. The pro-
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(a) Experimental results in low-dimensional state
space.

(b) Experimental results in high-dimensional state
space.

Figure 1.17: Experimental results reported in [96].

posed algorithm was used to train a network to solve tasks in a
simulation environment [81], with both low-dimensional state
representation and visual-state representation. Results regard-
ing the number of demonstrated trajectories are reported in
Figure 1.17.

As noted from the results, GAIfO outperforms previous
observation-based methods [92, 97] in settings with a low num-
ber of expert trajectories. The main drawback of GAIfO is the
high number of environmental interactions needed to
learn a policy, as it uses the model-free TRPO [79] algorithm.
This issue was addressed by DEALIO [98], which replaced the
model-free algorithm with PILQR [99], a model-based RL al-
gorithm discussed next.

Model-Based
Model-Based methods leverage knowledge about the environ-
ment dynamics, which is learned through data-driven approaches.
These methods can be further classified into Inverse Dynamic
Model and Forward Dynamic Model approaches.

The Inverse Dynamic Model approach, given a transition
(st, st+1), obtains a function M that maps state transitions to
actions, i.e., at = M(st, st+1). In contrast, the Forward Dy-
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namic Model approach, given a state-action pair (st, at), aims
to learn a function F that generates the next state st+1, i.e.,
st+1 = F (st, at).

Inverse Dynamic Model methods include [100, 97, 101,
102].

In [100], the goal was to develop a system capable of tying a
knot in a rope. A self-supervised learning approach was used to
train a Convolutional Neural Network. Given a pair of images
(It, It+1) representing two successive rope states, the network
was able to determine the action required to transition from
state It to state It+1. The network was trained using a dataset
of 30K tuples (It, at, It+1) collected via an exploratory policy.

Authors in [97] proposed a general approach, depicted in
Figure 1.18, composed of two main parts: the learned Inverse
Dynamic Model, Mθ, and the learned policy Ãφ. The learning
procedure is iterative. The model M i

θ is updated by maxi-
mizing the probability pθ(at|st, st+1), using tuples (st, at, st+1)
collected by the current policy. Once the dynamic model is
updated, it infers the action ãt given the demonstrations. The
policy, having access to both state and action information, is
then trained using classic Behavioral Cloning (BC) by opti-
mizing the policy parameters through maximum-likelihood es-
timation ϕ∗ = argmax

φ

∏N
i=0 Ã

L
φ (ãi|si).

In [101], a similar approach to [97] was used, but the agent’s
policy was trained using a combination of Behavioral Cloning
and the Advantage Actor Critic (A2C) objective function [103]
(Formula 1.26).

L
hyb
θ = Es,a

[

A(s) log(a|s; ¹) + ³ H(ÃL(.|s))
]

+

E(ŝt,ŝt+1)∼D

[

log(ÃL(M(ŝt, ŝt+1)|¹))
]

.
(1.26)

The main drawback is the assumption of access to the reward
function, which can limit its applicability in real-robot manip-
ulation tasks.

In [102], the work in [104] was extended to state-only
demonstrations, and the State-Only Imitation Learning (SOIL)
algorithm was proposed. This method addresses complex dex-
terous manipulation tasks, such as object reallocation, tool use,
in-hand manipulation, and door opening, using a simulated
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Figure 1.18: Representation of the learning procedure proposed
by [97].

humanoid hand. A neural network representing the Inverse
Dynamic Model was trained by minimizing the L2-loss, given
the action performed during the policy rollout. The policy was
then updated according to the Demo Augmented Policy Gradi-
ent (DAPG) method [104], adapted for state-only demonstra-
tions, which follows the gradient updates described by Formula
1.27.

gSOIL = g + ¼0 ¼
k
1

∑

(st,ãt)∈D′

∇θ log Ã
L
θ (ãt, st), (1.27)

where g is the Natural Policy Gradient term. The idea is
to leverage the demonstrations at the beginning of the training
and then exploit the RL algorithm to improve the behavior.
Experiments performed in simulation showed that, compared
to pure RL, the proposed method converges faster and pro-
duces more human-like behaviors.

Forward Dynamic Model methods include [34, 98].
In [34], once the human video demonstration was translated

into the corresponding robot video, the policy was learned to
use the model-based RL algorithm SOLARIS [105]. This algo-
rithm optimizes a controller using the Linear-Quadratic Reg-
ulator (LQR) procedure. The policy optimization occurs in a
low-dimensional, highly regularized latent space, generated us-
ing Variational Inference [106]. Starting from a sequence of ob-
servations and actions, a Global Dynamic Model over the latent
trajectory is obtained. Then, given the Latent Dynamic Model,
a Linear-Gaussian Controller is derived using LQR-FLM [76].
Real-world robotic experiments demonstrated that with just 2
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hours of robot interaction, it was possible to outperform pre-
vious works such as [92, 97] and classic BC algorithms in tasks
like ”coffee making” (Figure 1.13) and cup-retrieving, where
the robot retrieves a cup from a closed drawer.

In [98], the sample inefficiency problem of GAIfO [96] was
addressed. The approach combined the adversarial learning
setting with state-only demonstrations, which had shown
promising results (Figure 1.17), with a more data-efficient RL
algorithm like PILQR [99]. PILQR’s core is the LQR opti-
mization procedure. Generally, it returns a linear-gaussian
controller (Formula 1.28) that optimizes a quadratic-cost func-
tion (Formula 1.29) under the assumption of linear-gaussian
dynamics (Formula 1.30).

Ã(at|st) = N(Ktst + kt, St) (1.28)

c(st, at) =

[

st
at

]T

Ct

[

st
at

]

+

[

st
at

]T

ct + cct (1.29)

st+1 ∼ P (st+1|st, at) = N(Ft

[

st
at

]

+ ft,Σt) (1.30)

To use this framework, the linear-gaussian dynamic model
was fitted using the current policy rollouts. Then, to obtain a
quadratic cost function as needed by LQR, the dynamic model
was used to express the modified discriminator output (For-
mula 1.31) as a function of the pair (st, at).

Dθ(st, st+1) =
1

2

[

st
st+1

]T

Css(st, st+1)

[

st
st+1

]

+

[

st
st+1

]T

css(st, st+1)

(1.31)
Experiments performed in simulation with low-dimensional

state spaces showed promising results (Figure 1.19b) in terms
of sample efficiency compared to the GAIfO baseline. How-
ever, improvements are needed to: (1) Reduce variance to
make the learning process more reliable, (2) Increase overall
performance, (3) Adapt the algorithm for real-world robot ma-
nipulation tasks.
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(a) Control Tasks solved in [98].

(b) Performance of DEALIO [98] compared against
GAIfO [96], with respect to the number of trajectories
sampled during the learning process.

Figure 1.19: DEAILO: (1.19a) Control Tasks, (1.19b) Perfor-
mance Level.

Generally, LfO methods have demonstrated interesting fea-
tures, such as generating a policy from state-based information
alone. This supports the hypothesis that the primary source
of information for task learning is the sequence of state tran-
sitions. Extrapolating the valuable information to perform ac-
tions that induce the desired behavior may not be trivial, es-
pecially if the state space is represented by images of a human
operator. This complexity leads to the design of architectures
composed of different stages, which not only increase the com-
plexity of the system itself but also the amount and diversity of
data required for their training. Furthermore, many methods
of interest have been tested in simulated or relatively simple
scenarios, still leaving open whether these methods can be used
in real-world complex robotic manipulation tasks.

1.2.4 Target object misidentification prob-
lem

Section 1.2.3 provides a detailed overview of classic methodolo-
gies for solving the LfD problem. However, all the discussed
methods are evaluated in single-task scenarios, meaning the
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learned policies can only replicate the specific task they are
trained on, with limited generalization to new configurations.
In collaborative environments, where a robot may need to per-
form various tasks as requested by a human operator, these
systems may fail due to their inability to generalize across dif-
ferent tasks.

To address this limitation, the Multi-Task Imitation Learn-
ing problem has been introduced. As discussed in Section 1.1,
the goal is to train a single conditioned control policy that,
given the robot current state and the task at hand, generates
the appropriate action. These methods are described in de-
tail in Chapter 3, where both language-based and video-based
conditioning modalities are reviewed.

This thesis specifically focuses on video-conditioned meth-
ods. Experimental results in Section 3.4 demonstrate that
state-of-the-art methods in Video-Conditioned Multi-Task Im-
itation Learning, such as TOSIL [6] and MOSAIC [8], face the
problem of target misidentification in scenarios with mul-
tiple similar objects, where the semantic role of objects (e.g.,
distractor or object of interest) changes depending on the task
[11].

As a result, while these methods can generate reasonable
trajectories and complete tasks, they often manipulate the
wrong object. Specifically, it was observed that the backbone
failed to produce an embedding that accurately encodes the
target object position at the start of the task. Interestingly,
by performing ground-truth actions for just two steps at the
beginning, the model was able to correctly complete the task.
This highlights a gap in learning features related to the cogni-
tive aspect of the task, particularly the position of the object
to be manipulated.

To overcome this issue, and building on the observations in
Section 1.1 regarding the cognitive and control tasks in multi-
task manipulation, this thesis proposes a modular approach.
Instead of using an end-to-end architecture that directly maps
high-dimensional inputs to the action space, the problem is di-
vided into two sub-problems: the cognitive and control tasks,
each addressed by specialized modules. The cognitive mod-
ule, described in Chapter 2, introduces object priors related
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to the position of the object to be manipulated. Specifically,
a Conditioned Object Detection (COD) problem is formulated
and solved using a Conditioned Convolutional Neural Network,
which predicts category-agnostic bounding boxes for the ob-
jects of interest based on the specific prompted variation.

The proposed COD module is then integrated into a state-
of-the-art framework to validate the hypothesis that adding
inferred object priors can resolve the target misidentification
issue. This results in a novel modular architecture, detailed in
Chapter 3, that can perform both multi-variation and multi-
task manipulation robustly.

Additionally, it generates human-readable information, en-
hancing the interpretability of the learned policies by providing
insights into the robot intended movements.



Chapter 2

Proposed conditioned
object detector

As discussed in Section 1.1, this thesis proposes a modular ap-
proach to solve the Visual-Conditioned Multi-Task Imitation
Learning Problem. This chapter focuses on the module respon-
sible for addressing an instance of the “Cognitive Task” rele-
vant to the context under consideration. Specifically, the ap-
proach aims to leverage an object-prior to enable the system
to ignore distractor objects in the scene and focus on the tar-
get region of interest. To achieve this goal, a preliminary step
is to develop a system capable of computing this object-prior.
Therefore, this chapter will present and discuss the design of
the Conditioned Object Detector (COD), which is specifically
designed to solve a novel variation of the well-known Object
Detection problem. Unlike traditional object detection tasks,
where a deep architecture produces bounding boxes for all ob-
jects in the scene, this variation requires generating bounding
boxes only for the regions of interest based on the demonstrated
task.

Section 2.1 will review relevant methods related to this task.
Section 2.2 outlines the detection problem being addressed.
Section 2.3 describes the proposed architecture for solving this
problem. Finally, Section 2.4 discusses the experimental setup
and presents the results obtained from testing the proposed
architecture.
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2.1 Related Works

This section will review the preliminary research conducted
in the context of Object-Oriented Imitation Learning (Section
2.1.1) to understand how previous studies have leveraged ob-
ject priors to solve the Learning from Demonstration (LfD)
problem. Additionally, it will examine research in the context
of Visual-Question Answering (Section 2.1.2) to highlight the
specific challenges addressed by the COD module, while also
presenting the methods that have primarily inspired the pro-
posed solution.

2.1.1 Object-Oriented Imitation Learning

All the methods discussed in Section 1.2.3 share a common
characteristic: they are end-to-end systems that take high-level
inputs, such as images, and directly generate the correspond-
ing actions as output. While this approach may work well in
simple scenarios, where the scene lacks distracting objects or
where such objects are easily identified by the system as being
consistently uninvolved in the manipulation, it may struggle
in more complex environments. Specifically, it can encounter
difficulties when the robot workspace contains objects that are
similar to each other, especially if these objects are involved in
manipulation for some task variations.

Based on this consideration, this paragraph will describe
methods that leverage object priors. This means that the con-
trol policy is informed not only by the embedding of the agent
scene, which is obtained from a deep architecture, but also by
object-level information, such as the bounding boxes of objects
in the scene, obtained from an object detector.

The concept of leveraging object priors has been explored
in both earlier works [107, 108] and more recent approaches
[109, 110, 111, 112].

One of the preliminary works on leveraging object priors
was presented by the authors of [107]. This work primarily
focuses on the challenge of generalization in LfD systems that
use an end-to-end approach. In such systems, a task-specific
model is trained to predict actions based on raw visual obser-
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vations. The authors found that while it is possible to achieve
good instance-level generalization, meaning the model can solve
tasks with varying initial configurations using a limited num-
ber of samples, achieving category-level generalization is more
challenging. Category-level generalization refers to the model
ability to solve tasks involving different objects. To achieve
this, the dataset must include many trajectories involving a
wide variety of objects. For instance, if the task is to pour
the contents of a bottle into a cup, the dataset should con-
tain trajectories with different types of cups and bottles. How-
ever, constructing such a dataset is time-consuming and costly.
Moreover, the potential of well-known large datasets in classi-
cal computer vision tasks, such as object detection, is not fully
utilized.

To address this issue, the authors proposed a paradigm shift
by introducing a robotic vision framework that operates on sets
of objects rather than raw pixel data. This framework lever-
ages prior datasets to learn a generic object detection model,
thereby enhancing category-level generalization without requir-
ing an extensive and diverse dataset. The framework is illus-
trated in Figure 2.1 and is composed of several stages:

• Meta-Attention. This is a Region Proposal Network
(RPN) [113], trained on the well known MSCOCO [114]
dataset. The RPN generates objects proposals, i.e., re-
gion of the image that possibly contain an object.

• Task-Specific Attention. This aims to learn what are
the object of interest with respect to the task in hand.
This module is parameterized as a vector w such that the
attention paid to oi is proportional to ew

T f(oi).

• Soft Attention. this module gives a probabilistic mean-
ing to the attention map obtained from the Task-Specific
Attention. Specifically, a Boltzmann distribution is used
to map the attention weights to a probability for each

object proposal, i.e., p (oi | wj) =
e
w¦
j

f(oi)
∥f(oi)∥2

∑N
i=0 e

w¦
j

f(oi)
∥f(oi)∥2

.
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Figure 2.1: Robotic vision framework proposed in [107]. The
framework is divided into different stages: Meta-Attention:
Generates object proposals from an input image, trained on
an object detection dataset, and shared across tasks; Task-
Specific Attention: Focuses on relevant objects for a task
using the meta-attention’s semantic features; Soft Attention:
Distributes attention as probabilities over object proposals us-
ing a Boltzmann distribution; Movement Prediction Net-
work: Combines attended object information with the robot’s
state to predict the next action.

• Movement Prediction Network, this module predicts
the next robot action, given the attended object informa-
tion from the soft attention, and the robot state repre-
sented by the joint and end-effector state.

This preliminary work focused mainly on two tasks:

• Pouring Task. The robot is required to pour contents
from a bottle into a mug. The challenge is to locate the
mug from an image without being explicitly provided its
location, especially when different mugs are used during
training and testing.

• Sweeping Task. The robot must sweep an object (e.g., a
plastic orange) into a dustpan, with both objects starting
in different positions. This task requires the robot to
adapt its approach based on the relative positions of the
objects.

During testing, the authors focused on Category Generalization
and the ability to Ignore Distractor Objects. For the former,
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Figure 2.2: Pouring task setting proposed in [107]. (Left) Mugs
used for evaluation. Note that only the brown mug was seen
during training. Center: Successful pouring into the pink mug.
(Right) Pouring into the brown mug in a cluttered environment
that was not seen during training.

Figure 2.3: The region proposals (meta-attention) are drawn in
blue and the task-specific attended regions are drawn in red.
For the Pouring task with distractor mug (pink) and target
mug (brown), the attention locks on to the brown mug as its
position defines the trajectory. For the sweeping task, two
attention vectors are used, one attends to the orange and one
attends to the dustpan.

the system was trained with only one type of mug and eval-
uated with other mugs (Figure 2.2). The results showed that
the system successfully poured the contents into the correct
mug, thanks to the learned task-specific attention weight that
highlighted the mug features. For the latter, the authors de-
signed a test where two mugs were present in the scene (Figure
2.3). Since the model did not receive any conditioning signal
indicating which mug to use, the authors fine-tuned the at-
tention weight on trajectories where only the brown mug was
used, demonstrating that this mechanism could focus on more
specific features, such as the mug color.
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In summary, this preliminary work demonstrated that lever-
aging object priors can facilitate category-level generalization
by utilizing large, well-known datasets for the object-detection
problem. However, the experimental setup was relatively sim-
ple, even in scenarios with distractor objects. The proposed
system could handle distractor objects only after specific fine-
tuning and was not able to dynamically discriminate between
objects of interest and distractors based on task variations.

A recent work that follows a similar approach is proposed
in [110]. In this work, the authors introduced VIOLA (Visuo-
motor Imitation via Object-centric Learning) (Figure 2.4), an
architecture inspired by the ideas presented in [107]. VIOLA
uses an RPN and a ResNet18 [61] to generate object propos-
als and produce a spatial feature map, respectively. It then
constructs a per-step feature vector, composed of three key el-
ements: a global context feature that encodes the current
task stage, an eye-in-hand visual feature to mitigate occlu-
sion, and a proprioceptive feature that captures the robot
state. These per-step features are concatenated to form a his-
tory of observations, which is designed to capture temporal
dependencies and dynamic changes in object states. This ten-
sor is then fed into a Transformer [115], which leverages its
intrinsic attention mechanism to automatically focus on the
object of interest.

This method was first evaluated in a simulation environ-
ment across three tasks, as depicted in Figure 2.5. Various test-
ing scenarios were considered, including different object place-
ments, the introduction of distractor objects, and changes in
camera position. Generally speaking, VIOLA outperformed all
baselines across these testing conditions, further demonstrat-
ing the utility of object priors in enhancing the robustness of
such methods. However, similar to [107], the testing scenar-
ios were relatively simple, with clear distinctions between dis-
tractors and objects of interest. The distractors were objects
never seen during the demonstration and were not involved in
manipulation, making them relatively easy for the model to
discriminate.

In the works discussed so far, the approach has primar-
ily focused on leveraging object priors to directly predict the
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Figure 2.4: The VIOLA architecture proposed in [110]. (Top)
The overall control architecture is based on a Transformer mod-
ule that processes a stack of per-step features ht, obtained from
the Feature Encoder, to generate a final action embedding,
which is then input into a GMM policy. (Bottom) The Feature
Encoder builds both local and global features. Local features
correspond to regions of interest extracted by the RPN. Global
features are obtained by processing the workspace image, the
image from the camera on the gripper, and proprioceptive in-
formation.

actions that the robot must perform. However, a different ap-
proach was proposed in [109], where the authors introduced an
alternative interpretation of object-centric concept. Instead of
focusing on the robot perspective, they shifted the emphasis
to the object perspective, proposing PLATO (Predicting La-
tent Affordances Through Object-Centric Play). PLATO is a
learning framework that learns a latent affordance space,
which describes how an object can be used (e.g., a block being
grasped, a door knob being turned, or a drawer being opened).

The authors stated that learning affordances (i.e., object
outcomes) from play, rather than plans (i.e., robot actions),
enables simpler, more robust task representations that operate
across varying time horizons. This approach improves policy
effectiveness at test time by allowing the policy to reason more
effectively about the environment. For example, given an affor-
dance (e.g., a turned door knob) and a goal (e.g., an open door),
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Figure 2.5: Simulation tasks on which the VIOLA [110] method
was tested. (Left) Sorting task. (Center) Stacking task.
(Right) BUDS-Kitchen task.

the policy can infer the necessary behavior (e.g., reaching for
the knob and rotating the gripper) to exploit that affordance.

To reach this objective authors started from the observation
that a single-object manipulation is composed of the following
three phases:

1. Pre-interaction, when the robot prepares to interact
with an object (e.g., reaching for a block).

2. Interaction, when the robot and the object engage in
joint actions (e.g., pushing or pulling the block).

3. Post-interaction, when the robot separates from the
object, and the object may come to rest (e.g., the block
stops moving).

Given these three phases, the algorithm learns a latent affor-
dance distribution. Specifically, the architecture comprises
three learnable modules: E, E ′, and Ã. E models the poste-
rior distribution, mapping the full interaction trajectory Ä i to
the corresponding latent affordance distribution, from which
the affordance embedding z is sampled. E ′ is the prior mod-
ule used during rollout. It takes the current state and the goal
state as input and generates the affordance embedding z′. This
module is trained to match the posterior distribution modeled
by E. Ã represents the current policy, which generates the ac-
tion ai given the current state si, the desired goal og, and the
latent embedding z.

These three modules are trained end-to-end by minimizing
the loss function in Formula 2.1, which includes three terms.
The first two terms correspond to the policy Ã, ensuring it
matches the ground-truth trajectories in the interaction and
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Figure 2.6: PLATO architecture proposed in [109]. The ar-
chitecture is composed of different stages. (1) The posterior
encoder E encodes the interaction sequence Ä (i) into the affor-
dance z. (2) The prior encoder E ′ encodes the object initial

state o
(i)
1 and goal state og to predict z, with og sampled after

the interaction. (3) The policy is trained to output actions
during the interaction period conditioned on the affordance.
Simultaneously, (4) it is trained to output actions during the
pre-interaction period conditioned on the “future” affordance.

pre-interaction phases. The last term is the KL-divergence,
used to train the posterior and prior modules E and E ′.

LPLATO = − log
(

Ã
(

a
(i)
1:H | s

(i)
1:H , og, z

))

−

³ log
(

Ã
(

a
(−)
1:H | s

(−)
1:H , og, z

))

+

´KL (p(z)∥p (z′))

(2.1)

Finally, this method was tested in a variety of scenarios,
including both single-object and multiple-object manipulation
with different manipulation primitives (Figure 2.7). However,
in the multi-object scenarios, the system was only tested on
single-object manipulation primitives.

This work is particularly noteworthy as it demonstrates
that a policy can be learned by solving an inverse problem,
starting from object affordances and deriving the correspond-
ing robot trajectories. It also shows that the policy can be
conditioned based on the desired goal state. However, certain
aspects were not addressed in this work, such as the poten-
tial presence of distractor objects and tasks requiring the ma-
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Figure 2.7: Testing scenarios and primitives proposed in [109].
(Top) Block2D Environment primitive examples. (Center)
Block3D and Block3DPlatform primitive examples. (Bot-
tom) The left image shows an example primitive in Mug3D-
Platforms. The right three images show sample tasks from
Playroom3D.

nipulation of multiple objects. Additionally, the affordances
were learned in the object space (i.e., with known object poses)
rather than in the high-level image space.

The works discussed in this paragraph highlight the sig-
nificant research efforts aimed at modeling the manipulation
problem from an object-centric perspective. These efforts ei-
ther focus on the affordances of the object (i.e., the possible
movements the object allows) or introduce object priors de-
fined by regions of interest that may contain the object to
be manipulated, with results demonstrated in both simulated
and real-world environments. However, the methods presented
so far primarily address single-task scenarios, where distractor
objects can be easily identified as they remain constant across
demonstrations. In contrast, this thesis proposes a solution
for a more challenging scenario in which the robot operates
in a multi-variation environment. This environment includes
multiple similar objects, which may serve as either targets or
distractors depending on the specific task variation.
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Figure 2.8: Example of Vision-Question Answering problem
get from the CLEVR [116] dataset. It is possible to observe
how for a given image multiple different questions can be done.
As well as, questions covers different reasoning skills such as
attribute identification, counting, comparison, multiple atten-
tion, and logical operations.

2.1.2 Visual-Question Answering

The Visual-Question Answering (VQA) problem refers to the
ability of a system of “reasoning” over an image, based on a
given query expressed in terms of text. This means that, given
in input an arbitrary image and an arbitrary textual prompt
the system must be able to generate an answer to the given
prompt (Figure 2.8).

The key aspect related to this problem is related to the fact
that for a given image different questions can be made. There
is no predefined mapping between an input image and its cor-
responding answer. Instead, the system must dynamically ad-
just its attention to specific regions of the image based on the
given query. This requires effectively correlating the image
encoding with the prompt encoding to generate a conditioned
embedding that can reliably produce a valid answer.

Based on these preliminary considerations, various solu-
tions have been proposed using both Convolutional Neural
Network architectures [62] and novel Transformer architectures
[117, 118, 119].

A significant breakthrough in this field was introduced in
[62], where the FiLM (Feature-wise Linear Modulation) condi-
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tioning layer was proposed. The core idea behind FiLM is to
dynamically modify the output of a neural network by applying
an affine transformation to its intermediate features based on
some input. Specifically, the FiLM layer learns two functions, f
and h, which produce the coefficients µi,c and ´i,c, respectively,
based on an input xi, as defined in Equation 2.2.

µi,c = fc(xi) ´i,c = hc(xi) (2.2)

These coefficients are then used to modulate the cth activa-
tion map Fi,c through a feature-wise affine transformation, as
described in Equation 2.3.

FiLM(Fc|µc, ´c) = µcFc + ´c (2.3)

An example of integrating the FiLM layer into a deep ar-
chitecture is shown in Figure 2.9, illustrating the implemen-
tation proposed in [62]. In this configuration, the prompt is
encoded using a Gated Recurrent Unit (GRU), and the result-
ing embedding is fed into a Multi-Layer Perceptron (MLP),
which outputs the coefficients µi,c and ´i,c. These coefficients
are subsequently used to modulate the activations of N Resid-
ual Blocks (ResBlocks).

The FiLM layer has also been effectively applied in the con-
text of Language-Conditioned Policy Learning (Section 3.1.1)
[13, 7]. Starting from a textual prompt describing a desired
task, the FiLM layer modulates the activation maps of the
convolutional blocks in the network that encodes the robot’s
observations. This allows the network to focus on specific parts
of the image relevant to the task (Figure 2.10).

Since the introduction and expansion of Transformer mod-
els [115], there has been a major shift towards solving the Vi-
sual Question Answering (VQA) problem by utilizing these ar-
chitectures. Transformers excel at capturing intra-modal rela-
tionships through dependency modeling and promoting align-
ment and interaction between multiple modalities. This has
led to the development of Vision-Language Transformers capa-
ble of directly processing multi-modal inputs, such as images
and text. An example is the LLaVA model proposed in [119],
which represents the current state-of-the-art in VQA. How-
ever, despite its capability to handle complex queries, LLaVA
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Figure 2.9: Proposed integration of the FiLM conditioning
layer. Here, the Linear Modulation is applied to modify the
activation maps of the ResNet blocks, while a linear layer gen-
erates the modulation coefficients ´ and µ based on the embed-
ding derived from the textual prompt. This enables the model
to conditionally adjust the activation maps according to the
context provided by the input query.

relies on a Large Language Model (LLM) with a minimum size
of 7 billion parameters, requiring a high-performance server.
This makes real-time deployment in real-world systems, such
as robotic control, challenging or even impractical.

2.2 Problem formulation

As outlined in previous chapters, the primary objective of this
thesis is to validate the possibility of using object priors to
enhance the system ability to ignore distractor objects during
task execution, while simultaneously providing human-readable
information about the robot behavior.

In Section 2.1.1, various methods that utilize object priors
in the context of Imitation Learning have been discussed. No-
tably, all the methods reviewed in that section depend on pre-
trained object detectors to identify regions of interest, which
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Figure 2.10: Visualizations of the distribution of locations used
by the model for its globally max-pooled features, from which
its final MLP makes predictions. FiLM correctly localizes the
object referenced by the answer (top) or all objects referenced
by the question (bottom). However, the localization is less ac-
curate when the model provides an incorrect answer (rightmost
bottom).

are defined as areas likely to contain objects, independently
of the object class (e.g., box, nut, bin, peg, etc.) or its se-
mantic state (i.e., whether the object is task-relevant or a dis-
tractor). Moreover, these methods are not designed to handle
multi-variation scenarios, where the semantic state of an object
is dynamically determined based on the specific task require-
ments.

In the context of interest, the object detection problem can
be formulated as follows: given a pair consisting of an agent ob-
servation and a command, (oat , cmi), a parameterized function
fθ, must generate a set of bounding boxes (bb),

{

bb
j
t |j ∈ C

}

that identifies specific regions of interest, i.e.,
{

bb
j
t |j ∈ C

}

=
fθ(o

a
t , cmi). Here, C represents a set of classes assigned to the

bounding boxes, which differs from the traditional object de-
tection classes. Instead of predicting the object category (e.g.,
box, nut, bin, etc.), the focus is on predicting the semantic
attribute associated with each object. In the most general
case, these attributes are:

• Target, it indicates that the bounding box refers to the
object to be manipulated in the current task variation
cmi .

• No-Target, it refers to any other object in the scene that
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is not being manipulated.

• Target-Place, it represents the final region of interest for
the manipulated object, which varies depending on the
task. For example, in a pick-and-place task, it refers to
the bin where the object is placed; in a nut-assembly
task, it refers to the peg where the object is inserted;
and in a button-press task, it refers to the region where
the button has been pressed.

• No-Target-Place, it refers to any other region that is not
relevant to the current task variation, such as other bins
in a pick-and-place task or other pegs in a nut-assembly
task.

The example shown in Figure 2.11 highlights how the se-
mantic attribute assigned to an object changes depending on
the requested task cm. In the first case, the green box and the
first bin are marked as targets (green boxes), while other ob-
jects are labeled as distractors (red boxes). In the second case,
even though the configuration remains the same, the roles of
the objects changes. This is because, in the second task, the
demonstrator manipulates the red box and places it into a dif-
ferent location.

Since the goal is to explicitly manage the changing semantic
meaning of objects, traditional object detectors, which predict
bounding boxes and object categories for all objects in the
scene, are not suitable. Instead, a novel, specialized architec-
ture is required to implement the function fθ. The details of
this implementation are provided in Section 2.3.

2.3 Proposed Architecture

This section describes the implementation of the COD module,
which implements the parameterized function fθ.

As described in the previous paragraph this function must
generate a set of object category agnostic bounding-boxes
{

bb
j
t |j ∈ C

}

, where bbjt ∈ R4 is a vector of 4 elements containing
the coordinates of the bounding-box defined as the upper-left
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Figure 2.11: Example of bounding-boxes assignment, where
green boxes refer to target object and placing location while
red boxed refers to no-target and no-target-place. (Left) The
demonstrator manipulates the green box, placing it into the
first bin. (Right) The demonstrator manipulates the red box,
placing it into the second bin. Note, how for a given agent envi-
ronment state, the semantic attribute between objects changes.

(ul) and bottom-right (br) corners
[

xul, yul, xbr, ybr
]

. To each
predicted bounding-box is assigned a class that refers to the
semantic attribute associated with the object for a given com-
mand. The bounding-boxes are generated by taking in input:

• Agent Observation, oat ∈ RH×W×3, which is an RGB im-
age which represents both the state of the agent and the
state of the environment.

• Demonstrator Command, cmi ∈ RT×H×W×3, which is a
sequence of T frames sampled from a video of a demon-
strator performing the requested task.

In the field of Computer Vision, Object Detection is a well
established and extensively researched problem, with modern
techniques achieving high performance in both detection and
classification tasks. However, the methods used in previous
work [112, 110] are not applicable here. The objective in this
case is not to detect all objects in the scene, but rather to
identify “target locations”, which can vary depending on the
specific task at hand (Figure 2.11). Additionally, the method
must be category-agnostic, meaning it does not need to an-
swer the question, “What category does the object belong to?”
Instead, the primary goal is to determine, “Where is the target
object located?” This allows the approach to be easily adapted
to scenarios involving multiple object categories.
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Figure 2.12: The proposed Conditioned Object Detector archi-
tecture takes as input the pair (oat , cmi), where o

a
t represents the

agent observation and cmi represents the demonstration frames.
The agent observation is encoded using ResNet-18, while the
demonstration frames are encoded through ResNet2+1. The
FiLM conditioning layer is employed to inject information from
the command cmi into the feature maps extracted from the ob-
servation. Finally, Fast R-CNN generates the bounding boxes
based on the conditioned input.

To solve the given problem, inspiration was drawn from
another well-known task in computer vision, namely, “Visual
Question Answering” [62]. In this task, the system generates
an answer to a given query (e.g., a textual question) based on
an input image. What distinguishes this approach is its ability
to selectively focus on specific segments of the image,
guided by the content of the question, as illustrated in Figure
2.10.

The proposed approach is rooted in the concept that, simi-
lar to the architecture presented in [62], which directs attention
to specific regions of an image in response to input queries,
our model aims to achieve a similar capability. Specifically,
the model is designed to focus on certain regions of the image
based on the task command cmi . The proposed architecture is
shown in Figure 2.12.

The architecture consists of the following modules:

• ResNet-18 [61], used as a feature extractor for the agent
observation oat , represented as an RGB image.

• ResNet2+1 [120], employed as a feature extractor for the
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command description cmi . This description consists of 4
frames sampled from the demonstration video. The ar-
chitecture is designed to extract both spatial and tempo-
ral features, which are then flattened and passed through
a Multilayer Perceptron (MLP) network.

• The FiLM-Layer, as introduced in [62], is responsible for
integrating the features from both the agent observation
and the command description. It modulates the cth acti-
vation through a feature-wise affine transformation, ex-
pressed as in Formula 2.3. Here, µc and ´c are parameters
generated by the linear module based on the input.

• Fast R-CNN [113], a two-stage anchor-based object de-
tector, is used to predict the bounding box position based
on the feature maps generated by the preceding module.

The entire architecture is trained using the classic object-
detection loss function L = w1Lreg +w2Lcls +w3Lclass, where:

• Lreg is the L1-loss function that compares the predicted
bounding box offset with the ground truth offset.

• Lcls is a binary cross-entropy loss that allows the model
to learn the difference between foreground and background
bounding boxes.

• Lclass is a cross-entropy loss designed for object classifi-
cation.

Once the architecture has been fully described, we can in-
troduce the experiments conducted to evaluate the proposed
model. A detailed explanation of these experiments, along with
the results, will be provided in Section 2.4.

2.4 Experiments

In this section, the performed experiments are going to be de-
scribed. Specifically, in Section 2.4.1 the dataset used for train-
ing procedure will be described. Section 2.4.2 will report the
obtained results.
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Figure 2.13: Examples of tasks and variations taken in con-
sideration for the methods validation. The images report the
final system state. For the pick-place, nut-assembly and stack-
block tasks the variation is defined with respect to the target
object and the placing location, while for the press-button the
variation is defined according to the button to press.

2.4.1 Dataset

To validate the proposed architecture, a simulated dataset was
generated, focusing on four primary tasks: Pick-Place, Nut-
Assembly, Stack-Block, and Press-Button. Each task consists
of multiple variations. Specifically, the Pick-Place task has 16
variations, Nut-Assembly has 9 variations, Stack-Block has 6
variations, and Press-Button has 6 variations. Each task and
its variations are graphically described in Figure 2.13.

For each task, 100 trajectories were collected for both the
agent (UR5e robot) and the demonstrator (Franka-Emika
Panda robot) using hand-written policies that take as input
ground-truth information about the object position. Across
these trajectories, the position of the objects of interest varies.
The workspace for each task is divided as follows:

• Pick-Place, the bins are fixed in position, while the
boxes can change according to the following rule. The
workspace is divided into 4 slots, parallel to the bins,
each with a width of 6 cm and a height of 15 cm. A slot
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is randomly selected, and the box is randomly spawned
within the chosen slot, ensuring that each slot is filled
with only one object.

• Nut-Assembly, the pegs are fixed in position, while the
nuts vary in placement. A spawn region of 75 × 10 cm
is defined, and the nuts are randomly spawned in this
region, ensuring they do not collide with one another.

• Stack-Block: The placing box is spawned in a region of
16× 5 cm, while the target box is spawned in a region of
24× 5 cm, ensuring no collisions between the boxes.

• Press-Button, the two sets of buttons are placed within
a region of 4× 4 cm.

The bounding boxes are generated automatically using a
procedure that assumes prior knowledge of the object’s pose
and dimensions, as well as the camera’s pose and intrinsic pa-
rameters. With this information, a 3D bounding box can be
constructed around the object in continuous world space. The
corners of this bounding box are then projected into the 2D
discrete camera space via a sequence of transformations, as
described in Equation 2.4.

p̃cameraobject = T cameraworld × p̃
world
object

pxx =
px
pz
· f + w

2

pxy =
py
pz
· f + h

2

(2.4)

In this equation, T cameraworld ∈ R4×4 represents the homoge-
neous transformation matrix that defines the camera orien-
tation and position relative to the world frame. The term
p̃srctarget = [px, py, pz, 1] denotes the homogeneous position vector
of the target frame relative to a given src frame. For instance,
p̃worldobject describes the position of the object relative to the world
frame.

The parameters w and h correspond to the image resolution
width and height, respectively. The camera’s focal length f is
given by f = 0.5×h

tan(fovy)
, where fovy is the vertical field of view.
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Finally, pxx and pxy represent the pixel coordinates obtained
in the x and y axes, respectively.

2.4.2 Results

This section presents the obtained results, divided into two
main blocks. The first block (Section 2.4.2.1) discusses the
results of the method trained to detect only the target object.
The second block (Section 2.4.2.2) covers the results of the
method trained to detect both the target object and the final
(placing) location. For each method, results are reported for
two different scenarios: first, where the method is trained in
a single-task multi-variation scenario; and second, where the
method is trained in a multi-task multi-variation scenario.

For all the test configurations described below, the testing
procedure was consistent. Specifically, for each task and its
variations, 10 rollouts were performed. During each rollout,
the robot was controlled by a hand-written policy, and the
predicted bounding box was compared with the ground truth,
obtained using the same procedure as described earlier.

The metrics used to evaluate the methods were
Precision@0.5 (Equation 2.5) and Recall@0.5 (Equation 2.6).

Pre =
TP

TP + FP
(2.5)

Rec =
TP

TP + FN
(2.6)

A True Positive (TP) sample is defined as a predicted
bounding box for the target class with an Intersection over
Union (IoU) greater than or equal to 0.5 when compared with
the ground-truth bounding box. A False Positive (FP) sample
is defined as a predicted bounding box for the target class with
an IoU less than 0.5. A False Negative (FN) sample is defined
as a target object for which no bounding box was predicted.

The metrics were computed considering only the target
bounding boxes, i.e., the bounding boxes predicted for the tar-
get object or the target location. Among all the candidates
generated by the network, only the one with the highest pre-
dicted class score was considered.
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Table 2.1: Results of the CTOD module obtained in the single-
task multi-variation scenario. Performances are reported in
terms of Precision (Prec), Recall (Rec) with an IoU threshold
of 0.5 and the Average IoU (IoUavg).

Task Precision@0.5 Recall@0.5 IoUavg

Pick-Place 0.770 1.00 0.628
Nut-Assembly 0.985 1.00 0.789
Stack-Block 0.995 1.00 0.848
Press-Button 0.997 1.00 0.899

2.4.2.1 Target object detector

This first set of validation tests is related to the training of the
COD module in a setting where it must predict the location of
the target-object. This means that, with respect to the seman-
tic attributes defined in Section 2.2, the set is restricted to just
two classes “target” and “no-target”. In this case, the method
will be named Conditioned Target Object Detector (CTOD).

Single-task multi-variation scenario
In the single-task multi-variation scenario, a specific model was
trained for each task described in Figure 2.13. This approach
allows for evaluating the model ability to handle tasks of in-
creasing complexity. Initially, the model is evaluated in a sim-
pler scenario, where it predicts the target position of a specific
category of objects (e.g., only boxes in pick-and-place, or only
nuts in nut-assembly), thereby limiting variability in object
categories.

Table 2.1 presents the overall performance of the CTOD
module in terms of Precision and Recall, providing a compre-
hensive evaluation of the system ability to accurately iden-
tify target objects (Precision) and consistently detect them
across multiple rollouts (Recall). The results demonstrate that
the module successfully identifies target objects with precise
bounding boxes and maintains a high level of consistency across
rollouts, achieving excellent precision and recall metrics.

In particular, the Recall remains consistently at 1.00, in-
dicating the absence of false negatives, meaning the system
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Table 2.2: Results of the CTOD module obtained in the multi-
task multi-variation scenario. Performances are reported in
terms of Precision (Prec), Recall (Rec) with an IoU threshold
of 0.5 and the Average IoU (IoUavg)

Task Precision@0.5 Recall@0.5 IoUavg

Pick-Place 0.652 1.00 0.563
Nut-Assembly 0.948 1.00 0.726
Stack-Block 0.894 1.00 0.708
Press-Button 0.977 1.00 0.825

always generates a bounding box classified as the “target” ob-
ject. Precision values are also high, exceeding 0.90 for three
tasks: Nut-Assembly, Stack-Block, and Press-Button. How-
ever, a lower Precision is observed for the Pick-Place task. This
is due to the task longer motion duration, both in terms of time
and space, which introduces varying scales of the target object
throughout the motion, increasing the complexity of predict-
ing accurate bounding boxes. Specifically, out of the 2612 false
positives generated for the Pick-Place task, 2125 were pro-
duced after the picking phase, while only 487 occurred during
the reaching phase.

Generally, the obtained performance demonstrate that the
module not only generates bounding boxes with the correct
“target” classification but also produces highly accurate bound-
ing boxes that closely match the ground truth.

Figure 2.14 shows examples of predictions for all tasks dur-
ing the execution of a rollout. As observed, during the ap-
proaching phase, crucial for avoiding target misidentification,
the bounding box remains accurately positioned around the
target object. However, during the robot motion, the bound-
ing box slightly shifts, occasionally resulting in false positives.

Multi-task multi-variation scenario
In the multi-task multi-variation scenario, a single model was
trained to perform all four tasks. This setup enables a more
rigorous validation of the COD module in a complex environ-
ment, where objects of different shapes and sizes are involved
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Figure 2.14: Example of predictions generated by the CTOD
module in the single-task scenario. The blue-box is the pre-
dicted one, while the green is the ground truth.

across various tasks. Table 2.2 presents the overall performance
of the COD module in terms of Precision and Recall. In this
scenario, the system consistently generates bounding boxes for
the ”target” class (achieving a Recall of 1.00 for all tasks) with
an average overlap greater than 0.5. A similar trend as in the
single-task scenario is observed, with a lower Precision for the
Pick-Place task due to the same reasons previously explained.

Furthermore, compared to the single-task setting, a slight
reduction in Average IoU is observed, which can be attributed
to the increased complexity of the task. In this multi-task sce-
nario, a single Fast R-CNN must predict bounding boxes across
a diverse set of manipulation tasks, where objects may be sim-
ilar but appear at different scales in the input images. This
variation adds further complexity to the prediction process.

2.4.2.2 Target object and final position detector

This set of validation tests focuses on training the COD mod-
ule in the complete scenario described in Section 2.2. In this
setting, the COD module is trained to predict bounding boxes
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Figure 2.15: Example of Target Bounding Box and Final Plac-
ing Position Definition for the Press-Button Task. In this task,
the target bounding box is represented by the green bounding
box, which encloses the button that needs to be pressed. The
blue bounding box represents the final placing position, indi-
cating the location where the robot’s end-effector should be
positioned to successfully press the button.

Table 2.3: Results of the COD module obtained in the single-
task multi-variation scenario. Performances are reported in
terms of Precision (Prec), Recall (Rec) with an IoU threshold
of 0.5 and the Average IoU (IoUavg) for both the bounding-box
of the “target” and the “target-place” classes.

Task Precision@0.5 Recall@0.5
IoUavg

(target)
IoUavg

(target-place)

Pick-Place 0.667 1.00 0.374 0.826
Nut-Assembly 0.958 1.00 0.705 0.909
Stack-Block 0.979 1.00 0.787 0.827
Press-Button 0.967 1.00 0.799 0.683

for both the target object and the final location of interest.
Specifically, for the three tasks involving the “pick-and-place”
primitive (i.e., Pick-Place, Nut-Assembly, and Stack-Block),
the final location corresponds to the target bin, peg, and block
to be stacked, respectively. In contrast, for the Press-Button
task, the target location is defined as the bounding box of the
initial button, translated to the final position of the pressed
button (Figure 2.15).

Single-task multi-variation scenario
Table 2.3 summarizes the performance of the COD module in
the single-task, multi-variation evaluation setting. It can be
observed that, even in this scenario, the COD module con-
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Table 2.4: Results of the COD module obtained in the multi-
task multi-variation scenario. Performances are reported in
terms of Precision (Prec), Recall (Rec) with an IoU threshold
of 0.5 and the Average IoU (IoUavg) for both the bounding-box
of the “target” and the “target-place” classes.

Task Precision@0.5 Recall@0.5
IoUavg

(target)
IoUavg

(target-place)

Pick-Place 0.735 1.00 0.457 0.825
Nut-Assembly 0.951 1.00 0.685 0.898
Stack-Block 0.867 1.00 0.628 0.799
Press-Button 0.925 1.00 0.734 0.687

sistently identifies both the target object and the target place-
ment location. Specifically, the average Intersection over Union
(IoUavg) is generally higher for the target-placement class. This
is because, for the Pick-Place, Nut-Assembly, and Stack-Block
tasks, the placement location is fixed, making the detection
problem easier for the conditioning module to address.

Regarding the “target” class, the IoUavg is lower compared
to Table 2.1, with a significant drop observed in the Pick-Place
task. However, by examining the distribution of false positives,
it can be noted that, out of 7565 false-positive cases, 2001
occurred during the reaching phase, while the remaining 5564
occurred during the placing phase.

It is worth noting that the module can still identify the re-
gion of the target object. In fact, by lowering the IoU threshold
to 0.1, the number of false positives during the reaching phase
drops to 155, indicating that the system is able to detect the
region of interest, albeit with lower precision. Nevertheless, for
the task at hand, having consistently precise bounding boxes
is not critical, as the control module is designed to be robust
against minor errors or imprecision in bounding box predic-
tions.

Multi-task multi-variation scenario
The final evaluation setup largely confirms the trends observed
in the previous experiment. Table 2.4 presents the results from
the COD module trained in the multi-task scenario. A slight
decrease in Precision is again noted, corresponding to a reduc-
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tion in IoUavg. This decrease can be attributed to the same
factors discussed in the earlier multi-task setup, with the added
complexity of the module needing to predict the bounding box
for the target placement location.

Interestingly, this trend differs slightly for the Pick-Place
task. In this case, Precision@0.5 improves by +0.068 from
the Single-Task (Table 2.3) to the Multi-Task (Table 2.4) sce-
nario, driven by an IoUavg increase of +0.083, for the target
class. Overall, this improvement has a limited impact on the
system accuracy in detecting the target object during the mo-
tion phase. Specifically, among the 6036 false positives (1529
fewer than in the single-task scenario), 1187 occurred during
the reaching phase (814 fewer than in the single-task scenario),
while the remaining 4849 (715 fewer than in the single-task
scenario) occurred during the placing phase. These results in-
dicate that the system shows slightly improved precision in
bounding box prediction during the reaching phase, though it
continues to encounter challenges during the placing phase.

2.5 Conclusion

In conclusion, this chapter introduced and discussed the Con-
ditioned Object Detector (COD), representing a foundational
step toward a modular architecture for Visual-Conditioned
Multi-Task Imitation Learning. This module tackles a critical
aspect of cognitive task design: dynamically identifying the re-
gion of interest within an agent scene based on a demonstrated
task. Its primary objective is to identify the relevant target
object and its final placement location in scenarios involving
multiple potential objects and placement options. The specific
semantic roles of these objects (i.e., target or distractor) are
determined at runtime through the provided task demonstra-
tion.

To tackle this challenge, a conditioned convolutional archi-
tecture was introduced and tested in both single-task multi-
variation and multi-task multi-variation scenarios.

The results demonstrated that the proposed COD archi-
tecture effectively identified objects of interest, consistently
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achieving a Recall@0.5 score of 1.00 across all tasks and test-
ing scenarios. This means that for every frame, a bounding
box corresponding to the target class was always present.

Regarding Precision@0.5, there was variability across dif-
ferent tasks and scenarios, ranging from a minimum of 0.652
for the Pick-Place task in the multi-task multi-variation sce-
nario to a maximum of 0.997 for the Press-Button task in the
single-task multi-variation scenario. Despite this variation, the
system was able to consistently identify the target object, with
an average IoU always greater than 0.3. While this might ap-
pear low, further analysis of the generated bounding boxes re-
vealed that the system successfully identified the target object
during the initial stages of the rollout, particularly in the reach-
ing phase, when conditioning on the target object is critical.
However, a notable number of false positives occurred during
the manipulation and placing phases, where the conditioning
on the target object weakens, suggesting that the trained pol-
icy must be robust to errors in bounding box generation during
these phases.



Chapter 3

Proposed object
conditioned control policy

In this chapter, the main contribution of this thesis will be
presented: the Object Conditioned Control Policy (OCCP).
As outlined in Section 1.1, the central challenge addressed
in this thesis is target-object misidentification within Visual-
Conditioned Multi-Task Imitation Learning systems. To tackle
this issue, a modular control architecture is proposed, based
on the hypothesis that separating the cognitive task from the
control task into distinct modules can improve the overall ro-
bustness and interpretability of these systems.

Specifically, Section 3.1 provides an in-depth review of prior
research in the fields of Multi-Task Imitation Learning and
Object-Oriented Imitation Learning, which are most relevant
to the proposed approach. Section 3.2 defines the problem
being addressed, presenting formal definitions and high-level
architectures. In contrast, Section 3.3 describes the proposed
methods to solve the problem, with a particular focus on how
the proposed Conditioned Object Detector (Chapter 2) has
been integrated into the control module. Finally, Section 3.4
discusses the experimental setup and presents the results ob-
tained from evaluating the proposed architecture.
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3.1 Related Works

This Section will review and discuss the prior research per-
formed to address the problem of Multi-Task Imitation Learn-
ing (Section 3.1.1), which is the most related topic to this the-
sis.

3.1.1 Multi-Task Imitation Learning

The methods discussed in the Section 1.2.3 describe architec-
tures and approaches specifically designed to solve a single task,
with limited generalization to the object category (e.g., pick-
ing blocks rather than balls) and initial state (e.g., the object
starting position). For instance, a system trained for pick-and-
place operations cannot be repurposed for tasks like assembly
operations. The methods described here address these limi-
tations, solving the problem of Multi-Task Imitation Learning
(MTIL).

Before starting to present and describe the different meth-
ods and approaches, it is necessary to describe the problem.
Starting from a reformulation of the dataset used to train the
system and the learned policy.

In Section 1.2.1, the expert dataset DE has been intro-
duced. Based on the problem to solve this dataset can com-
posed in different way. Specifically, in the context of MTIL,
the dataset DE can be seen as a composition of n datasets,
DE = {D1, . . . ,Dn}, where
Di =

{

(Ä jmi , cmi), j = 1, . . . , N, mi ∈Mi

}

is the single-task
dataset, composed of:

• N expert demonstration for each mth variation of the ith

task, whereMi is the number of variation for the ith task.

• Agent trajectories Ä jmi = (s0, a0, s1, a1, . . . , aT−1, sT ),
where st is the state at time t and at is the corresponding
action (Section 1.2.1).

• Task-conditioning signal cmi for the mth variation of ith

task, which describes the desired task in terms of video
demonstrations [16, 121, 6, 8], natural language descrip-
tion [9, 13, 10, 122, 123, 7, 17] or multi-modal prompt,
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that exploits both visual information (e.g., an image of
the target object) and text information that contains the
information related to the action to be performed [112].

The goal of Multi-Task Imitation Learning is to learn a con-
ditioned policy ÃLθ (at|st, cmi), that is able to map the current
state and command into the corresponding action. Depending
on how the policy is defined, various loss functions come into
play. In the case of deterministic policies, the learning pro-
cess focuses on minimizing the Mean-Squared Error (refer to
Formula 3.1). However, for probabilistic policies, the learning
process centers around minimizing the Negative Log-likelihood
(refer to Formula 3.2). This approach aims to enhance the
probability of correctly executing the action.

L(Ä jmi , cmi , Ã
L
θ ) =

1

T

T
∑

t=0

(at − Ã
L
θ (st, cmi))

2 (3.1)

L(Ä jmi , cmi , Ã
L
θ ) = −

1

T

T
∑

t=0

log(ÃLθ (at|st, cmi)) (3.2)

The following sections will describe the various approaches
proposed to address the problem. Figure 3.1 illustrates the
taxonomy used for the Multi-Task Imitation Learning meth-
ods. Specifically, the methods are categorized based on the
type of generalization required by the algorithm (Few-Shot vs.
Zero-Shot). For Few-Shot generalization, the Meta-Learning
paradigm will be discussed, as it is most relevant to the prob-
lem at hand. For Zero-Shot generalization, the methods are
further divided based on the type of conditioning signal used,
whether it is provided through natural language descriptions
or visual information.

Few-Shot MTIL refers to approaches designed to train
a model on a variety of tasks so that it can effectively solve
a new task using only few samples and consequently requires
only a few back-propagation steps [124]. In this context, one
of the most significant learning paradigms, especially relevant
to robotic manipulation, is Meta-Learning. The goal of Meta-
Learning is to train a model that can “learn to learn,” meaning
it develops a set of general weights ¹ that, while not directly
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Figure 3.1: Multi-Task Imitation Learning Taxonomy.

usable for solving any specific task within a distribution of tasks
T, can be quickly adapted through a few backpropagation steps
to solve a given task within that distribution, Ti ∈ T. One
of the most popular Meta-Learning algorithms is the Model-
Agnostic Meta-Learning (MAML) algorithm [124], described
in Algorithm 7. The MAML algorithm follows an iterative
learning procedure consisting of two steps:

• Meta-Learning: During this phase, task-specific weights
¹i are computed for each sampled task Ti. Specifically,
the meta-parameters ¹ are updated according to the gra-
dient obtained from evaluating the loss function on the
ith task Ti, where the function f is parameterized by the
meta-parameters ¹.

• Meta-Adaptation: In this phase, the meta-parameters
are further refined. The loss function f , now parameter-
ized by the task-specific parameters for the ith task, is
used to adjust the meta-parameters based on the gradi-
ents derived from the sum of the loss functions evaluated
on the task-specific weights. This process provides feed-
back to the meta-parameters ¹ from each task, leading
to a generalized point that can be easily adapted to new
tasks (Figure 3.2).

The MAML algorithm is the base for different methods which
apply Few-Shot Imitation Learning in the context of Behavioral
Cloning [125, 14, 126].
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Algorithm 7 Model-Agnostic Meta-Learning (MAML) [124]

Require: Distribution over tasks p(T)
Randomly initialize ¹
while i = 1, . . . N do
Sample batch of tasks Ti ∼ p(T)
for all Ti do
Evaluate ∇θLTi

(fθ) w.r.t. K examples
Compute adapted parameters with gradient descent:
¹′i = ¹ − ³∇θLTi

(fθ)
end for
Update ¹ ← ¹ − ´∇θ

∑

Ti∼p(T)
LTi

(fθ′i)
end while

Figure 3.2: Diagram of MAML algorithm, which optimizes for
a representation ¹ that can quickly adapt to new tasks.

In [125], MAML algorithm was used to prove the effective-
ness of Meta-Learning in the context of real robot manipula-
tion, with visual observations, as opposite to [127]. A Convolu-
tional Neural Network was trained by following the Algorithm
7, using as loss-function the Mean Squared Error, computed
between the predicted action and the ground truth one. For
real-robot experiments a dataset of 1300 placing demonstra-
tions (i.e., place a held object in a target container), containing
near to 100 different objects, was collected through teleporta-
tion. The trained system was tested by performing the adap-
tation step on one video demonstration, over 29 new objects,
moreover, between the video demonstration and the actual ex-
ecution, the objects configuration was changed. In this setting
the system reached the 90% of success rate, outperforming
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baseline methods based on LSTM [127], and contextual net-
work (i.e., a Convolutional Neural Network that takes in input
the current observation and the image representing the target
state).

In [14], the Domain Adaptive Meta-Learning (DAML) al-
gorithm was introduced to infer a policy from a single human
demonstration.
It employs a two-step process. First, the Meta-Learning
step, where for each task T, human demonstrations Dh

T
and

robot demonstrations Dr
T
(Figure 3.3) are used to learn the

initial policy parameters ¹ and the adaptive loss parameters È,
solving the problem in Formula 3.3.

min
θ,ψ

∑

T∼p(T)

∑

dh∼Dh
T

∑

dr∼Dr
T

LBC(¹ − ³∇θLψ(¹,d
h),dr) (3.3)

The outer loss is the classic supervised Behavioral Cloning loss,
defined as LBC(ϕ,d

r) =
∑

t log(Ãφ(at | st, ot)). The inner loss,
Lψ, is a learned adaptive loss. Specifically, Lψ is used during
Meta-Adaptation, where the policy parameters are updated by
evaluating the gradients derived from Lψ. This process involves
a video of a human demonstrating a new task T as input, lead-
ing to the policy update defined by ϕT = ¹ − ³∇θLψ(¹,d

h).
This adaptive loss is the key component proposed in DAML. To
use it effectively, it is necessary to learn the parameters È, ob-
serving how there is no direct correspondence between the hu-
man video demonstration and the robot ground truth actions.
To address this challenge, the authors of DAML observed that
while the policy learns to produce appropriate actions through
the LBC loss, the adaptive loss should instead adjust the per-
ceptual aspect of the policy, focusing on human motion and
the manipulated object. Based on this insight, the authors im-
plemented the function Lψ using a 1D Temporal Convolutional
Network (Figure 3.4). The convolutional layers are applied to a
stack of embeddings generated by the policy Ã across different
frames of the video demonstrations. The parameters of this
module are learned during the meta-training phase, following
the weight update process described in Formula 3.4. The ob-
jective of Lψ is to generate task-specific policy parameters ϕT

that guide the policy to produce effective actions.
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Figure 3.3: Tasks performed in [14]. (Top row) Human demon-
stration, (Bottom row) robot demonstration. (Left) Placing
task, (Middle) pushing task, (Right) pick-and-place task.

Figure 3.4: The Temporal Adaptation Loss architecture applies
1D temporal convolutional layers to the stacked embeddings
generated by the policy Ã from the frames of the human video
demonstration.

(¹, È)← (¹, È)− ´∇θ,ψLBC (ϕT,d
r)

ϕT = ¹ − ³∇θLψ

(

¹,dh
)

(3.4)

Experimental evaluation on tasks such as placing, pushing, and
pick-and-place, has shown that:

• The system was able to generalize across both new ob-
jects and objects configuration starting from only a single
human demonstration.

• A performance degradation was observed in large domain-
shift experiments, such as novel backgrounds and differ-
ent camera view-points.

Meta-Learning algorithms have demonstrated interesting
properties, notably their capacity for few-shot generalization



90 3. Proposed object conditioned control policy

to novel objects and object configurations. However, it has
been observed that during the adaptation step, these methods
tend to lose their effectiveness in performing other tasks. This
limitation has underscored the need for the development of
Multi-Task Imitation Learning methods, which aim to address
these shortcomings and enable more versatile task execution in
complex scenarios. These kinds of methods will be discussed
in the following paragraphs.

Zero-Shot MTIL refers to approaches that aim to train
a model capable of solving different tasks without any further
adaptation or backpropagation steps. This approach addresses
a key issue in Meta-Learning methods, which is the problem
of forgetting how to solve previous tasks after adapting to a
new one. The goal is to develop a single policy that can handle
multiple tasks in a zero-shot manner.

In this context, a crucial design choice is how to convey the
desired task to the policy. The literature identifies two main
methods to address this problem:

1. Language Conditioned : These methods leverage natural
language descriptions of tasks to inform the model about
the task to be executed.

2. Visual Conditioned : These methods use visual informa-
tion (e.g., goal-state images, video demonstrations) to
provide the model with the task instructions.

Language Conditioned. As said a possible and intuitive way
to inform the policy about which task to execute is through
natural language description. Indeed, by looking to the phrase
“Pick the blue cube and place it in the red bow”, there are
both information about the action to perform (pick and place)
and which are the objects involved (blue cube and red bow).
Consequently, by training a neural network on a diverse set of
tasks, the system is expected to generalize its understanding
to unseen objects within familiar tasks and entirely novel tasks
composed of fundamental actions learned during training. This
approach highlights the potential for robust and adaptable
human-robot interaction in real-world scenarios.
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Foundational research, such as that by [9] and [13], has
sought to explore the previously mentioned hypothesis. No-
tably, [9] introduced an innovative architectural framework,
depicted in Figure 3.5, marking the first instance of seamlessly
integrating language, vision, and control tasks. This model
is composed of two critical components: a Semantic Model,
which generates a task embedding denoted as e by processing
the initial scene image and the accompanying text command,
and a Control Model, which generates the control signal using
the current robot state rt and the task embedding e.

A crucial aspect of such architectures is the management
of the visual state, represented by the image I, and the com-
mand v, to create a meaningful embedding e that encapsulates
both the current scene state and the desired command. Specif-
ically, the image is first processed using a pre-trained object
detection network (Faster R-CNN [113]) to identify salient ob-
jects in the robot’s environment. The detected objects are
represented by feature vectors, which include class and bound-
ing box information. Concurrently, the language command
is embedded into a suitable representation using a language
embedding technique (e.g., GloVe [128]), with the command
vector V encoded by a recurrent GRU unit. To associate the
objects identified with the sentence embedding s, a likelihood
value is computed for each object proposal ai = wTa fa([fi, s]),
and a probability distribution is computed over the candidates
a = softmax([a0, . . . , ac]). Finally, the task embedding e is
formed by a fully connected layer that takes as input the sen-
tence embedding s and the weighted sum of object candidate
features e′ =

∑c
i=0 fiai.

Training of this model was conducted on two fundamen-
tal tasks, namely “Picking” and “Pouring”, within scenarios
featuring multiple objects of the same category, which served
as distractors (see Figure 3.6). The subsequent testing ex-
periments demonstrated the system’s capability to successfully
complete the picking task 98 out of 100 times and the pouring
task 85 out of 100 times within novel scenarios. These results
serve as compelling evidence of the efficacy and potential of
language-conditioned methodologies in the field.

In [13], the authors take a step toward developing a more
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Figure 3.5: Architecture proposed in [9]. The Semantic Model
takes in input the image I and the command v, generating
a command conditioned embedding e. The Control Module
receives in input the embedding e and the current robot state
rt and produces the next control signal.

Figure 3.6: (Left) Set of object used in [9]. (Right) Sample of
task execution.

general agent by proposing a large-scale dataset comprising
100 diverse manipulation tasks. The demonstrations were col-
lected through both expert teleoperation and a shared auton-
omy process (HG-DAgger [66]). The skills covered included
pick-and-place, grasp, pick-and-drag, pick-and-wipe, and push
skills. The dataset was used to train the network shown in Fig-
ure 3.7. Notably, the samples consisted of the current robot
observation, with conditioning provided by either a natural

language description or a human video demonstration.

The goal was to train a conditioned policy using the cur-
rent observation ot and a task representation c, enabling the
policy to generalize to new tasks in a zero-shot manner (i.e.,
without fine-tuning). In contrast to previous methods, this ap-
proach does not rely on pre-trained object detectors for iden-
tifying candidate regions. Instead, the Task Embedding is di-
rectly injected into the Feature Maps generated by the Convo-
lutional Neural Network (ResNet-18), facilitated through the
FiLM layer [62].

Experimental results shown that, over 28 held-out tasks,
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Figure 3.7: Architecture proposed in [13]. Here, the Task Em-
bedding is injected directly in the Feature Maps generated by
the ResNet-18.

containing both completely new objects, and known objects
but in different tasks, an average success rate of 38% was
reached in the easiest setting, with only one distractor and with
natural language instruction. The success rate dropped to 4%
in the hardest setting with 4 distractors and video conditioning.

Foundational research in the field of Language-Conditioned
Multi-Task Imitation Learning has demonstrated promising re-
sults in zero-shot generalization. However, the robustness of
their performance remains a challenge. Subsequent research,
as highlighted in [7, 10, 123], has focused on enhancing perfor-
mance.

In particular, the authors of [7] sought to investigate whether
the transfer of knowledge from extensive, diverse, and task-
agnostic datasets, which has enabled modern machine learning
models to excel in zero or few-shot learning scenarios for new
and specific tasks, is applicable within the realm of robotics.
This inquiry arises due to the presence of high-capacity ar-
chitectures capable of assimilating knowledge from such large
datasets. To explore this prospect, the authors in [7] intro-
duced a comprehensive dataset comprising over 130,000 demon-
strations collected across more than 700 household tasks (Fig-
ure 3.8). Additionally, they proposed a Language-Conditioned
Transformer-based architecture (Figure 3.9). Here the authors
made relevant modification in the architecture, with respect
to the previous BC-Z architecture [13]. Indeed, they modified
the Visual Module by using an EfficientNet [129] instead of
the ResNet-18. The instruction was encoded using the Univer-
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Figure 3.8: Examples of household scenarios in RT-1 large-
scale dataset.

Figure 3.9: RT-1 Language-Conditioned Transformer based ar-
chitecture proposed in [7].

sal Sentence Encoder [130], and the policy was implemented
through a Transformer. Additionally, the authors addressed
the real-time constraints of robot control. To accelerate infer-
ence time and achieve a frequency of 3 Hz, the authors em-
ployed a TokenLearner module [131], which utilizes an atten-
tion mechanism to select the most relevant tokens, thereby re-
ducing the number of tokens that the underlying control mod-
ule must process to infer the action.

It is worth noting the intriguing findings presented in Table
3.2. The model demonstrates robustness in performing tasks it

Table 3.1: Distribution of tasks in large-scale dataset proposed
in [7].

Skill Count Description Example Instruction

Pick Object 130 Lift the object off the surface pick iced tea can
Move Object Near Object 337 Move the first object near the second move pepsi can near rxbar blueberry
Place Object Upright 8 Place an elongated object upright place water bottle upright
Knock Object Over 8 Knock an elongated object over knock redbull can over

Open Drawer 3 Open any of the cabinet drawers open the top drawer
Close Drawer 3 Close any of the cabinet drawers close the middle drawer

Place Object into Receptacle 84 Place an object into a receptacle place brown chip bag into white bowl
Pick Object from Receptacle
and Place on the Counter

162
Pick an object up from a location
and then place it on the counter

pick green jalapeno chip bag from
paper bowl and place on counter

9 Skills trained for realistic, long instructions
open the large glass jar of pistachios

pull napkin out of dispenser grab scooper

Total 744
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Table 3.2: Results reported in [7] by training the same model
RT-1 with different dataset size.

Generalization
Models % Tasks % Data Seen Tasks All Unseen Tasks Distractors Backgrounds

RT-1 100 100 97 73 76 83 59
RT-1 100 51 71 50 52 39 59
RT-1 100 37 55 46 57 35 47
RT-1 100 22 59 29 14 31 41

has encountered previously and even achieves reasonable per-
formance on tasks it has never seen before. However, a notice-
able decline in performance occurs when the model faces novel
backgrounds or scenarios with distracting objects, particularly
when data for these situations is sparse. This trend is signif-
icant because, unlike domains such as Computer Vision and
Natural Language Processing, where large-scale datasets can
be easily obtained, collecting real-world robotic datasets is a
labor-intensive and time-consuming process. Moreover, these
datasets often have limited applicability to other research due
to disparities in action space, robot morphology, and
scene representation, as highlighted by [7]. Therefore, the
goal is to create a system capable of replicating tasks with min-
imal demonstrations, specifically gathered from the particular
robot in use.

Furthermore, the decline in success performance when faced
with distractor objects emphasizes that addressing the policy-
learning problem in an end-to-end manner, which involves map-
ping high-dimensional and high-level inputs like images and
text directly to low-dimensional, low-level outputs such as the
actions to be executed, may not be the most effective approach.
This is because such models might lack the necessary percep-
tual components that enable them to initially recognize the tar-
get object within the scene, subsequently navigate towards it,
and commence the manipulation process. This process aligns
with how humans approach manipulation tasks [132].

As we have seen up to now, all the proposed methods were
tested on different robotic platforms with different scenarios
and environments. As in other Computer Vision problem,
there are no well known benchmark that are used by the re-
searchers around the world. To solve this problem, authors
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Figure 3.10: Environment proposed in CALVIN benchmark
[10]. The environments have different textures and all static
elements such as the sliding door, the drawer, the light button,
and switch are positioned differently.

in [10] proposed CALVIN (Composing Actions from Language
and Vision), which is an open-source simulated benchmark de-
signed for learning long-horizon language-conditioned tasks in
robotic manipulation. Specifically, CALVIN proposes a set
of 34 manipulation tasks in 4 different environments (Figure
3.10).

This benchmark was used by [123, 133, 134]. Specifically,
the work proposed in [134] is actually the best performing
method on the CALVIN benchmark. The authors proposed
an architecture that is able to handle goals described in terms
of both natural language description and goal image, more-
over they used a Diffusion Transformer Model as policy (Fig-
ure 3.11). To reach this goal, the authors had to solve first the
problem related to how to force the Multimodal Transformer
Encoder to generate the same behavior independently of the
goal modality. To solve this problem authors of MDT proposed
two auxiliary self-supervised loss functions:

• Masked Generative Foresight (MGF) is a reconstruction
loss function designed to ensure that the MDT generates
embeddings that guide robot behavior consistently across
different modalities. This means that the tokens gener-
ated by the MDT can be used to construct image patches
representing feature states, whether the goal is described
in terms of an image or a language description. Specif-
ically, given the latent embedding of the MDT encoder
for state si and goal g, MGF trains a Vision Transformer
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Figure 3.11: The Multimodal Diffusion Transformer (MDT)
architecture proposed in [134].

(ViT) to reconstruct a sequence of 2D image patches
(u1, . . . , uU) = patch(si+v) corresponding to the future
state si+v.

• Contrastive Latent Alignment (CLA) is a contrastive loss
term designed to encourage the MDT to align the em-
beddings generated from a goal image with those gener-
ated from a language description. For each training sam-
ple (si, ai) paired with a multimodal goal specification
Gsi,ai = {oi, li}, CLA reduces the image and language
goals to vectors zoi and zli, respectively. The CLA loss
is then computed using the InfoNCE loss, based on the
cosine similarity C(zoi , z

l
i) between the image-goal condi-

tioned state embedding zoi and the language-goal condi-
tioned state embedding zli.

As mentioned, this method was tested on the CALVIN bench-
mark, specifically in the ABCD → D test scenario, where the
model was trained on the ABCD environments and tested on
environment D. The CALVIN benchmark comprises a set of
1000 rollouts, with each rollout consisting of a sequence of 5
commands. It is noteworthy that the MDT architecture suc-
cessfully completed 80% of the rollouts up to the fifth com-
mand. In particular, the MGF loss was observed to have a
significant impact on system performance, improving the suc-
cess rate for the fifth command from 69.8% to 79.4%. This
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demonstrates that making the embedding informative about
the system’s evolution can meaningfully guide the diffusion sys-
tem, which predicts actions over a certain time horizon into the
future.

In the context of Language Conditioned MTIL, other im-
portant works to cite include [135, 17]. Specifically, the authors
in [135] introduced CLIP-Port, a two-stream architecture that
explicitly models the two key tasks in language-conditioned im-
itation learning: reasoning about what to do and reasoning
about how to do it. The former task, referred to as seman-
tic reasoning, is derived from the text-based command and is
handled using a pre-trained CLIP architecture [136]. The latter
task, known as spatial reasoning, is managed by leveraging the
Transporter architecture [137]. The overall architecture (Fig-
ure 3.12) is an Encoder-Decoder framework that ultimately
outputs an affordance map, which identifies the locations for
executing pick or place operations (Figure 3.13).

During testing, this method was not directly compared with
other Language Conditioned MTIL approaches. However, the
results obtained allow for several observations. Notably, for
tabletop manipulation tasks, the ability to reason using both
spatial and semantic features enables a high success rate (rang-
ing from 80% to 90%) on tasks involving seen object attributes,
such as color, even with a relatively low number of demonstra-
tions (100). However, similar to the results reported in Table
3.2, CLIP-Port also struggles with entirely novel tasks, as evi-
denced by a significant drop in performance when dealing with
unseen object attributes and a lower number of demonstra-
tions.

In conclusion, as discussed in this paragraph, considerable
research effort has been dedicated to addressing the problem
of Language Conditioned MTIL, particularly in terms of archi-
tectural designs and learning strategies. However, it remains
challenging to draw definitive conclusions from these various
approaches, as they are generally not evaluated on a common
benchmark. Despite this issue, some trends can be observed.
There is clearly room for improvement in the generalization
capabilities of these methods, particularly in handling novel
scenarios and tasks. Additionally, data efficiency remains a
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Figure 3.12: The Dual Stream architecture proposed in [135]
consists of two parallel streams: a semantic stream and a
spatial stream. The semantic stream utilizes a frozen CLIP
ResNet50 to encode the RGB input, with the decoder layers
conditioned by tiled language features from the CLIP sentence
encoder. Meanwhile, the spatial stream encodes the RGB-D
input, and its decoder layers are laterally fused with those of
the semantic stream. The final output is a map of dense pixel-
wise features, which is used to predict pick or place affordances.

concern, as there is a noticeable decline in performance as the
number of expert trajectories decreases. Another challenge is
the ability to manage cluttered scenes with relevant distrac-
tors, objects that may have been manipulated during training
but must be ignored in the target task, which can lead to oc-
clusion and/or confusion.

Visual Conditioned refers to methods that use visual in-
formation as a conditional signal. This information can be
represented either as an image depicting the desired goal state
or as a sequence of frames illustrating how the task should be
performed. The idea behind this kind of methods is to build
systems that are able to replicate tasks by observing the exe-
cution performed by other agents, like human can learn task
by mimicking the execution of other humans.

Preliminary works, such as those by [16] and [121], intro-
duced architectures conditioned on the first and last frames of
task demonstrations. Specifically, in [16], the authors proposed
TecNets (Task-Embedded Control Networks), an architecture
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Figure 3.13: Example of affordance map. (Left) The top-
view input image. (Center) The affordance map for the pick-
operation, since the task is to grab cherries the map highlights
the two pickable cherries. (Right) The affordance map for the
place operation.

illustrated in Figure 3.14. TecNets consist of two main compo-
nents:

• Task-Embedding Network : The purpose of this network
is to create an embedding space where demonstrations of
the same task are closely clustered, while embeddings of
different tasks are kept as distant as possible. This net-
work is trained using a contrastive loss function, defined
in Formula 3.5, which ensures that the embedding of the
kth sample of the jth task is similar to the ”sentence”
representing that task (i.e., the average of the embed-
dings of the jth task) and maximizes the distance from
the sentences of other tasks.

Lemb =
∑

τ j
k
∈Tj

∑

Ti /∈Tj

max
[

0,margin− sjk · s
j + s

j
k · s

i
]

(3.5)

• Control Network : This module implements the policy
Ã, which takes as input the current observation o and
the sentence s of the desired task. It then generates the
corresponding action for the robot, conditioned on the
task.

The results from this preliminary work demonstrated the
feasibility of training a vision-conditioned system capable of
solving tasks in a zero-shot manner. The system achieved a
success rate of 86.31% on a simulated 2D reaching task and
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Figure 3.14: Architecture proposed in [16]. The Task Embed-
ding Net generates the embedding representing the task to be
performed given the goal image. The Control Net implements
the policy, and takes in input the current observation and the
tiled task embedding.

77.25% on a simulated pushing task. However, it is impor-
tant to note a significant limitation of these approaches: the
conditioning signal often fails to adequately capture critical
information about the optimal strategy for solving the task.
This shortcoming arises because the conditioning signal does
not fully encode the strategies needed for effective task execu-
tion.

The methodologies introduced in [6] and [8] aim to advance
the concept of an ideal multi-task agent, capable of replicating
new tasks based on a single demonstration, often performed by
another agent (e.g., a robot or a human).

In [6], the authors focused on training a vision-based control
architecture (depicted in Figure 3.15) that can replicate a task
demonstrated through a set of frames sampled from a video of
another agent performing the task. The architecture relies on
two main components:

• ResNet-18 [61], which serves as the backbone for extract-
ing visual embeddings from the current agent state and
the demonstration frames.

• Transformer [115], which uses the attention mechanism
to combine embeddings from the demonstration frames
with the current visual observation.

This architecture was trained using multiple loss terms,
specifically:
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• Behavioral Cloning term LBC (Formula 3.6), a super-
vised loss function used to learn the action to perform
given the agent’s observation and the demonstrated task.
Specifically, the loss function is a negative log-likelihood,
computed over a mixture of learned logistic distributions,
where the ith component is parameterized according to
the mean and variance (µi, Ãi) which are estimated
through a MLPs.

LBC = −ln(
k
∑

i=0

³i(ϕt)P (at, µi(ϕt), Ãi(ϕt))) (3.6)

• Inverse Model Regularizer term Linv (Formula 3.7), a reg-
ularization term where the output is the action at, given
two consecutive representations ϕ̃t and ϕ̃t+1, effectively
solving the inverse control problem.

Linv = − ln

(

k
∑

i=0

³i(ϕ̃t, ϕ̃t+1)

× logistic(µi(ϕ̃t, ϕ̃t+1), Ãi(ϕ̃t, ϕ̃t+1))

) (3.7)

• Point Prediction Auxiliary term Lpoint, a simple regres-
sion loss that, given the current representation ϕt, pre-
dicts the position of the gripper in the next t+H steps.
This loss is used to improve the explainability of the ac-
tions performed by the robot.

The authors specifically trained and tested the architecture
on the pick-place task, which consists of a total of 16 varia-
tions (Figure 3.16). In the proposed evaluation setting, the
TOSIL architecture achieved a success rate of 88.8%± 5.0%,
demonstrating the system’s ability to accurately capture the
requested variations represented in the demonstration frames,
even when faced with differences in robot embodiment.

In [8], the authors presented MOSAIC (Multi-task One
Shot imitation with self-AttentIon and Contrastive learning),
which is an improvement of the work proposed in [6] from both
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Figure 3.15: Transformer based architecture proposed in [6].
The Transformer network is used to create task-specific rep-
resentation, given context and observation features computed
with ResNet-18.

Figure 3.16: Validation setting proposed in [6]. The 16 tasks
consist of taking an object (a-b) to a bin (1-4). On the left
there is the demonstrator robot, while on the right there is the
agent robot.

the architectural point-of-view and from the evaluation setting.
Indeed, from the architectural point of view, MOSAIC is de-
signed to model a demonstration-conditioned policy, denoted
as ÃLθ (at|st, c), with c representing the current task demonstra-
tion, such as a video depicting a robot performing the task.
Specifically, the architecture is an optimization of TOSIL since,
where the encoder-decoder Transformer architecture has been
substituted with an encoder-only architecture leveraging the
self-attention mechanism to correlate the embeddings coming
from the current agent observation and the one coming from
the demonstration frames (Figure 3.17). This adjustment al-
lows to have a lower number of parameters and consequently
improve the inference time.

To handle this complex scenario involving both multiple
variations and multiple tasks, the authors proposed training
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Figure 3.17: (Left) The TOSIL architecture, as proposed in
[6]. (Right) The MOSAIC architecture, as introduced in [8]. In
the MOSAIC architecture, the original encoder-decoder Trans-
former architecture has been replaced with an encoder-only ar-
chitecture featuring self-attention modules.

the system using a combination of loss functions. Specifically,
in addition to the LBC loss function defined in Formula 3.6
and the Linv loss function defined in Formula 3.7, the authors
introduced a contrastive loss term implemented through the
InfoNCE objective (Formula 3.8). The goal of this loss is to
enable the system to create similar representations for time-
adjacent frames within a given task while maximizing the dis-
tance from representations corresponding to other tasks. In
this context, q is the anchor embedding obtained from a ran-
domly sampled frame in a given batch B, k+ is the positive
example, which is a nearby frame from a different view of the
batch (i.e., the original batch with a different data augmenta-
tion applied), and ki represents the negative samples, obtained
from any other frame in the batch.

LRep = log

(

exp(qTWk+)

exp(qTWk+) +
∑F−1

i=1 exp(qTWki)

)

(3.8)

To test the model, a dataset containing seven distinct
tasks and 61 variations (Figure 3.18) was generated by exe-
cuting hand-written policies in a simulation environment. This
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Figure 3.18: The evaluation tasks proposed in [8] consist of a
total of 7 tasks with 61 semantic variations.

dataset was employed to train and compare the proposed MO-
SAIC architecture against other one-shot (meta-)imitation
learning methods, such as [14] and [6]. The results, presented
in Table 3.3, demonstrate that MOSAIC surpasses previous
methods in the Single-Task Zero-Shot Imitation Learning set-
ting, particularly when addressing individual tasks with multi-
ple variations and testing on previously unseen scenarios (i.e.,
novel object configurations).

Furthermore, when evaluated in a Multi-Task setting, where
the system is trained on all tasks and subsequently tested on
each task separately, MOSAIC exhibits the capability to par-
tially replicate the demonstrated tasks. It is important to note
that transitioning from a single-task to a multi-task context
introduces inherent challenges. Despite being familiar with
the tasks used during training, the success rate tends to de-
crease for almost all tasks. This phenomenon underscores the
necessity for training procedures and architectures capable of
generating embeddings that accurately represent both the task
itself and its various sub-tasks. Such capacity is essential for
reusing these embeddings when executing new instances or en-
tirely novel tasks.

In this context, further improvements were introduced by
the authors of [26, 138]. Specifically, the authors in [26] ana-
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Table 3.3: Results obtained in single-task and multi-task one-
shot imitation learning [8].

Task Setup DAML [14] TOSIL [6] MOSAIC [8]

Open door
single 23.3 ± 5.2 57.9 ± 7.1 67.1 ± 5.5

multi 10.8 ± 5.4 49.2 ± 6.0 68.3 ± 6.3

Open drawer
single 15.4 ± 5.5 57.5 ± 3.9 65.4 ± 3.4

multi 3.3 ± 1.4 53.3 ± 4.0 55.8 ± 3.6

Press button
single 62.8 ± 3.9 56.4 ± 2.4 71.7 ± 3.9

multi 1.7 ± 0.7 63.3 ± 3.5 69.4 ± 3.4

Pick-and-Place
single 0.0 ± 0.0 74.4 ± 2.1 88.5 ± 1.1

multi 0.0 ± 0.0 19.5 ± 0.4 42.1 ± 2.3

Stack block
single 10.0 ± 1.8 13.3 ± 2.6 79.3 ± 1.8

multi 0.0 ± 0.0 34.4 ± 3.4 70.6 ± 2.4

Basketball
single 0.4 ± 0.3 12.5 ± 1.6 67.5 ± 2.7

multi 0.0 ± 0.0 6.9 ± 1.3 49.7 ± 2.2

Nut assembly
single 2.2± 1.4 6.3 ± 1.9 55.2 ± 2.8

multi 0.0 ± 0.0 6.3 ± 1.3 30.7 ± 2.5

lyze the shortcomings of existing methods like TOSIL and MO-
SAIC, which often struggle due to issues such as the DAgger
problem (distribution shift from offline training), last centime-
ter errors in fine motor control (e.g., collisions when the robot
reaches the target object to pick), and misalignment with task
contexts rather than the actual tasks (e.g., the system links
the trajectories to the objects present in the scene rather than
focusing on what is demonstrated by the expert).

To overcome these issues, the authors proposed a modular
approach that separates task inference, i.e., understanding the
intent of the demonstrations, from task execution, i.e., generat-
ing the actions to perform during the rollout. To achieve this,
they introduced AWDA (Attributed Waypoints and Demon-
stration Augmentation), a modular framework for visual
demonstration represented in Figure 3.19. AWDA is based on
two main concepts:

• Attributed Waypoints, designed to mitigate task execu-
tion errors, primarily those related to the distributional
shift problem. These are classic waypoints (i.e., sequences
of 6D poses of the end-effector) augmented with attributes,
such as whether there is an object in the gripper. The
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robot moves between these generated waypoints using
hand-defined motion primitives, which helps eliminate
small errors during rollout execution that could otherwise
cause the system to deviate from the correct trajectory.

• Demonstration Augmentation, introduced to decouple
tasks from task contexts. Specifically, two types of aug-
mentation are introduced: Asymmetric Demonstra-
tion Mixup, which generates novel samples by mix-
ing samples from two distinct trajectories according to
Formula 3.9, where v and ṽ are video demonstrations
of two distinct tasks, and o and õ are agent observa-
tions in two distinct contexts. Additional Demon-
strations via Trajectory Synthesis involves generat-
ing free-space motions for the robot in various contexts
by sampling a few points (1 to 3) uniformly at random
within the agent’s workspace and moving the end effector
sequentially through these points using an inverse kine-
matics solver. Training samples are created by pairing
each trajectory with itself, requiring the model to focus
on the motion of the arm and ignore background elements
to make correct predictions.

v′t = ³vt + (1− ³)ṽ0 o′t = ³ot + (1− ³)õ0 (3.9)

Using this framework, the authors trained the same Trans-
former based architecture as in [6], achieving notable results.
Specifically, on the pick-place task represented in Figure 3.16,
AWDA reached a success rate of 100% on two held-out varia-
tions, i.e., the system was trained on 14 variations and tested
on the remaining 2. However, when tested on completely novel
tasks, i.e., tasks never seen during training, the system strug-
gled to succeed, as reported in Table 3.4.

In conclusion, significant research efforts have been dedi-
cated to addressing the challenge of Visual Conditioned Multi-
Task Imitation Learning (VC-MTIL). The aim is to develop
systems capable of solving a given task in a zero-shot manner,
starting from just a single video demonstration. Specifically,
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Figure 3.19: AWDA framework proposed in [26]. The task in-
ference network f(v, o) predicts a sequence of attributed way-
points (red dots) that are achieved by hand-defined motion
primitives. The original data are augmented with free-space
motion trajectories and asymmetric demonstration mixup in
order to reduce the correlation between tasks and task con-
tent.

Table 3.4: Success rates achieved using the MOSAIC and
AWDA methods. In this scenario, training is conducted on
5 out of the 6 tasks, with the remaining task reserved for test-
ing.

Methods Door Drawer Button Blocks Basketball Nut Assembly

MOSAIC 0.05 0.15 0.05 0 0 0
AWDA 0.10 0.29 0.01 0 0 0.02

while these systems show promising results in solving new in-
stances of seen tasks and unseen variations of known tasks, they
struggle to handle a multi-task multi-variation setting, exhibit-
ing a consistent drop in performance. Additionally, they face
difficulties in solving entirely new tasks.

Furthermore, the work discussed in this section predomi-
nantly involves experiments conducted in simulation environ-
ments, leaving unanswered whether these systems can be ef-
fectively applied in real-world settings, where demonstrations
might also come in the form of human video demonstrations.

3.2 Problem formulation

As described in Section 3.1, this thesis primarily addresses the
problem of Visual-Conditioned Multi-Task Imitation Learn-
ing. The goal is to train a single conditioned control function,
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Ãθ(at|o
a
t , cm), that can guide a robotic agent in solving both

variations of a given task and entirely different tasks. Where,
the input consists of a command cm, represented as a video
demonstration of the requested task, along with the current
observation of the agent oat .

The approach proposed in this thesis is based on the obser-
vation that solving this problem involves two key tasks:

• Command analysis : This task involves solving a cognitive
problem, where the system must interpret the high-level
task command, understand the task intent, identify the
relevant objects, and recognize the required actions.

• Action generation: This task involves solving a control
problem, where the system must correlate the informa-
tion from the command analysis with the agent environ-
mental state to generate a valid action that moves the
robot toward completing the requested task.

As demonstrated in the comprehensive review of related
works (Section 3.1), the Visual-Conditioned MTIL problem is
typically addressed using end-to-end architectures, which are
trained with an action-centric behavioral cloning loss. While
these systems are often able to control the robot and pro-
duce reasonable trajectories to complete tasks like pick-
and-place, they may manipulate the wrong object, indicating
a limitation in the cognitive ability to correctly identify the
relevant object.

In this thesis, a modular approach is adopted. Specifically,
Figure 3.20 illustrates the differences between a general end-
to-end architecture and the proposed modular architecture. In
the end-to-end architecture, the Backbone Module, which can
be any deep learning architecture used in state-of-the-art meth-
ods, takes both the agent observation oat and the command cmi
as input. It generates an embedding zt that must encapsulate
all the necessary information for the Control Module to pro-
duce a valid action. This includes details derived from both
the command, such as the position of the object of interest,
the task being solved, its variations, as well as the state of the
agent itself.
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Figure 3.20: (Upper) General end-to-end architecture, where
the Backbone Module takes as input both the agent observa-
tion and the command. It generates an embedding zt that
must contain information related to both the command and
the control. (Bottom) In the modular architecture, there are
two backbone modules: the Command Analysis Module, which
generates the task-embedding ztaskt , and the Backbone Mod-
ule, which is trained to generate only the control-embedding
zcontrolt .

In contrast, the modular approach utilizes two backbone
modules. The first, the Command Analysis Backbone, explic-
itly solves the cognitive task, producing task-relevant informa-
tion (ztaskt ) such as the position of the object of interest. The
second, the Control Backbone Module, generates a control em-
bedding (zcontrolt ), which directly encodes information relevant
to the action to be performed. In this modular approach, the
Control Module takes both the task-relevant information (ztaskt )
and the control embedding (zcontrolt ) as inputs.

The underlying assumption of this approach is that by sep-
arating the problem into two components, cognitive and con-
trol, and designing task-specific modules trained independently
of each other, the system becomes more robust. For example,
the Command Analysis Module is trained specifically for the
cognitive task (e.g., the Conditioned Object Detection task de-
scribed in Chapter 2), while the Control Backbone is trained
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for the control task. This separation allows the final Control
Module to be informed by optimal embeddings generated by
modules trained on task-specific problems.

Section 2.2 provides an example of a cognitive problem that
can be addressed by the Command Analysis Backbone. Here,
the focus is on describing the problem solved in order to learn
the final control policy Ãθ. Specifically, the goal is to learn
the parameters of the policy Ãθ using a supervised-learning
approach.

The first step is defining the dataset. As explained in Sec-
tion 1.2.3.1, in multi-task, multi-variation scenario, there are
n distinct tasks, denoted by T = {T1, T2, . . . , Tn}, where each
task Ti is associated with a set of variations Mi. For each
task, a specific dataset Di = ((cm, Äm),m ∈Mi) is constructed,
containing pairs of demonstrator videos cm and corresponding
target trajectories Äm for each variation. The demonstrator
video consists solely of visual observations, represented as cm =
{

od1, o
d
2, . . . , o

d
T ′

}

, while the target trajectory includes both ob-
servations and associated actions: Äm = {(oa1, a1), . . . , (o

a
T , aT )}.

Building upon the complete dataset D = {D1, . . . ,Dn}, the
optimal parameters ¹∗ are obtained by solving the minimiza-
tion problem described in Formula 3.10, where the loss function
L is minimized.

¹∗ = arg min
θ

L(Ãθ,D) (3.10)

Section 3.3 will present the specific instance of the proposed
architecture, along with the loss function and modules used.
The results of the experiments will be discussed in Section 3.4.

3.3 Proposed Architecture

This section provides the effective implementation of the gen-
eral modular architecture described in Section 2.2. Since the
Command Analysis task being solved is Conditioned Object
Detection (Chapter 2), the focus here is on how the COD mod-
ule is effectively integrated into the control framework.

The COD module is integrated into two different architec-
tures, which vary in the number of control modules they use.
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Section 3.3.1 outlines an architecture that employs a single
control module to predict actions for the entire trajectory. In
contrast, Section 3.3.2 describes an architecture that splits the
control module into two distinct parts: one for computing ac-
tions during the reaching phase, and another for the final phase,
where the specific primitive depends on the task.

3.3.1 Single control module

The architecture (Figure 3.21) composed of a single control
module is essentially an instance of the general modular ar-
chitecture depicted in Figure 3.20. Specifically, the Command
Analysis Module is replaced by the CTOD module (Section
2.4.2.1), which takes as input the current agent observation oat
and the command cm, producing a task embedding represented
by the target-object bounding box, i.e., ztaskt = bb

target
t .

The Backbone Module, responsible for generating the con-
trol embedding zcontrolt , is replaced by the same backbone used
in MOSAIC. This backbone is a combination of a Convolu-
tional Network, which encodes the agent observation oat and
the demonstration frames cm, and a Self-Attention mechanism
to create correlated agent and command embeddings (Section
1.2.3.1).

Finally, the Control Module follows the same implementa-
tion as in MOSAIC [8]. In this case, the actions generated by
the control module are sampled from a multivariate logistic dis-
tribution (Equation 3.11), where the distribution parameters
µi and Ãi are estimated by MLPs implementing the Control
Module.

at ∼
m
∑

i=1

³(zt) logistic(µi(zt), Ãi(zt)) (3.11)

Here, the embedding zt is a concatenation of zcontrolt , gener-
ated by the MOSAIC Backbone, and bbtargett , produced by the
CTOD Module.
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Figure 3.21: Proposed Single-Control Module Architecture. In
contrast to the general architecture described in Figure 3.20,
the Command Analysis module is replaced by the CTOD mod-
ule, which generates the bounding box related to the target
object. The chosen backbone is the MOSAIC architecture [8].
The control module is now informed by both low-level posi-
tional information (bbtargett ) and a control-oriented embedding
(zcontrolt ), enabling it to make more informed decisions.

3.3.2 Double control modules

Regarding the architecture consisting of multiple control mod-
ules, the discussion begins with the key observation that the
tasks can be broadly divided into two phases. The first phase
is typically a reaching phase, where the robot must reach a tar-
get location. The second phase varies depending on the task:
placing for Pick-Place, assembly for Nut-Assembly, stacking for
Stack-Block, and pushing for Press-Button. Based on this, a
dual control module architecture is proposed, where each con-
trol module is trained to learn the primitive associated with
each phase. The rationale behind this approach is that train-
ing separate modules for simpler atomic primitives can lead to
a more robust and reliable control system.

Figure 3.22 illustrates the overall architecture. The main
difference can be observed in the bounding boxes received by
the control modules. Specifically, the MOSAIC Backbone gen-
erates the control embedding zcontrolt , as before. However, the
Command Analysis Module, now referred to as the COD Mod-
ule, generates both the bounding box for the target object,
bb
target
t , and the bounding box for the final placing position,

bb
place
t .
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Figure 3.22: Proposed Double-Control Module Architecture.
In this architecture, the Control Module is split into two dis-
tinct modules, each responsible for learning a specific primitive:
the reaching primitive and the placing primitive. The first
module takes as input the bounding box corresponding to the
target object (bbtargett ), while the second module receives the
bounding box related to the final placing location (bbplacingt ).
This separation allows for specialized control during both the
reaching and placing phases.

The bbtargett is provided as input to the Reaching Control
module, while the bbplacet is supplied to the Placing Control
module.

Additionally, each control module operates based on an en-
abling signal sen, which is set to 1 at the beginning of the
rollout and remains active until the Reaching Control module
generates its first prediction for the closing command. After
this point, sen is set to 0, and control is transferred to the
Placing Control module.

3.4 Experimental results

In this section, the performed experiments are going to be de-
scribed. Specifically, in Section 3.4.1 the dataset used for train-
ing procedure will be described. Section 3.4.2 will report the
obtained results.
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Figure 3.23: The distribution of trajectories for the different
tasks along the x-y axis of the table workspace.

3.4.1 Dataset

The dataset used for training the control architectures is de-
scribed in this section. It consists of the same tasks outlined
in Section 2.4.1, following the same collection procedure. For
each task variation, 100 trajectories were collected for both the
agent and the demonstrator. Each trajectory presents a novel
object configuration, according to the rules defined in Section
2.4.1.

In this section, the dataset is analyzed in terms of the distri-
bution of the action space, in order to highlight the challenges
from a control perspective.

Figure 3.23 illustrates the distribution of the trajectories
followed by the robot. Each plot represents a density map
illustrating the frequency with which the robot’s end-effector
passed through specific points across all variations and trajec-
tories, specifically along the x and y axis. Notably, the use
of a simulated environment enables complete coverage of the
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workspace. This particular aspect of the workspace coverage
will be further discussed in Chapter 4 where the real-world
system will be discussed.

Moreover, each task exhibits a multi-modal behavior.
This is evident across different variations, as the final placing
position changes with each variation. Additionally, during the
reaching phase, the robot traverses almost all possible locations
within the working area.

It is important to note that, for a given task, the trajectories
exhibit significant variation in length. Specifically, for the Pick-
Place task, the average trajectory length is 71.21±7.69 frames.
In the Nut-Assembly task, the average length is 62.24 ± 7.47
frames, while for the Stack-Block task, the average is 63.07 ±
1.51 frames. Finally, in the Press-Button task, the average
trajectory length is 40.45± 8.17 frames.

This variability poses a challenge, as the likelihood of er-
rors increases with task progression, and compounding errors
become more pronounced over time. Additionally, this multi-
modal behavior complicates the learning process. The dataset
lacks any prior distribution (i.e., the robot does not consistently
approach the target object from the same direction), making
it challenging for the architecture to identify and leverage con-
sistent patterns during training.

3.4.2 Results

This section presents the obtained results, divided into two
main blocks. The first block (Section 3.4.2.1) discusses the
results of the method described in Section3.3.1. The second
block (Section 3.4.2.2) covers the results of the method de-
scribed in 3.3.2. For each method, results are reported for
two different scenarios: first, where the method is trained in
a single-task multi-variation scenario; and second, where the
method is trained in a multi-task multi-variation scenario.

The tests are conducted following the procedure outlined in
Section 2.4.2. For each variation, 10 independent runs are per-
formed, each with a novel initial objects configuration. This
approach assesses the system robustness with respect to dif-
ferent initial state configurations. Additionally, each set of 10
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rollouts is repeated three times to evaluate the overall robust-
ness and consistency of the model.

Various evaluation metrics are considered, either generally
defined for each task or task-specific. The general metrics in-
clude:

• Reaching : The ratio of successful attempts where the
robot reaches the target object across all rollouts.

• Picking : The ratio of successful attempts where the robot
picks the correct object across all rollouts.

• Success : The ratio of successful task completions across
all rollouts.

• Reaching Wrong : The ratio of instances where the robot
reaches an object other than the target across all rollouts.

• Picking Wrong : The ratio of instances where the robot
picks the wrong object across all rollouts.

• Success with Wrong Object : The ratio of task comple-
tions where the robot manipulates the wrong object.

Task-specific metrics, particularly for tasks like Pick-Place
and Nut-Assembly, include the Place Wrong with Correct Ob-
ject metric, which captures the number of times the robot
places the correct object in the wrong position.

These metrics provide a comprehensive evaluation of the
robot performance, capturing all major error cases and giving
a full picture of its behavior.

3.4.2.1 Single control module

In this section the results obtained with the architecture com-
posed of a Single Control Module will be described. As in
Chapter 2, there are two testing scenarios, the first one trained
with a single-task multi-variation scenario, while the second
one with a multi-task multi-variation setting, with an increas-
ing level of complexity.
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Table 3.5: The single-task performance of the baseline meth-
ods, TOSIL [6] and MOSAIC [8], was evaluated. For each
model, additional tests were conducted by generating the first
2 steps and 10 steps using the hand-written controller.

Task Model GT Action
Reaching

[%]
Picking

[%]
Success

[%]

Reaching
Wrong
[%]

Picking
Wrong
[%]

Success with
Wrong Object

[%]

P
ic
k
-P
la
ce MOSAIC

0 62.90±0.95 62.08±0.95 58.75±1.87 36.67±0.95 36.67±0.95 37.71±0.72
2 89.17±1.30 88.12± 0.62 84.17± 1.57 11.25± 1.25 11.25± 1.25 11.46± 1.30
10 99.79±0.36 98.54±0.72 95.63±0.63 1.25±0.63 1.25±0.63 0.41±0.36

TOSIL
0 33.12±1.08 27.92± 0.72 26.87± 0.62 63.96± 2.36 63.75± 2.72 66.04±1.57
2 69.17±1.30 60.83±2.52 59.38±2.17 29.17±0.95 28.96±1.30 30.83±2.20
10 98.58±0.36 92.71± 1.44 90.00±1.08 2.70± 1.30 2.70± 1.30 1.25± 0.62

N
u
t-
A
ss
em

b
ly

MOSAIC
0 38.89±1.11 36.67±1.11 33.33±1.11 59.26±1.69 55.93±1.69 51.48±2.31
2 85.19± 4.49 83.33± 5.09 78.89± 4.01 13.33± 4.84 11.85± 2.31 11.11± 2.22
10 100.00±100.00 99.26±1.28 90.74±2.79 0.00±0.00 0.00±0.00 0.00±0.00

TOSIL
0 36.30± 1.28 35.19± 2.31 31.11± 1.92 63.33± 1.11 62.59± 1.28 56.30±3.57
2 83.33±2.22 82.96±2.31 77.78±2.22 16.67±2.22 16.67±2.22 14.44±1.11
10 100.00± 0.00 99.26± 1.28 88.89±2.22 0.00± 0.00 0.00± 0.00 0.00± 0.00

S
ta
ck
-B

lo
ck MOSAIC

0 60.56±0.96 60.56±0.96 53.33±1.66 39.44±0.96 39.44±0.96 36.11±0.96
2 91.11± 0.96 90.56± 0.96 73.89± 4.19 7.70± 0.96 7.70± 0.96 7.20± 0.96
10 100.00±0.00 99.44±0.96 77.78±1.92 0.00±0.00 0.00±0.00 0.00±0.00

TOSIL
0 69.44± 0.96 60.00± 0.16 48.89± 2.54 42.78± 0.96 42.78± 0.96 41.67±1.66
2 90.56±0.96 87.78±0.96 79.44±1.92 12.22±0.96 11.67±0.00 11.67±0.00
10 100.00± 0.00 99.44± 0.96 88.89±1.92 1.66± 1.66 1.11± 0.96 0.00± 0.00

P
re
ss
-B

u
tt
on MOSAIC

0 100.00±0.00 - 100.00±0.00 0.00±0.00 - 0.00±0.00
2 100.00± 0.00 - 100.00, 0.00 0.00± 0.00 - 0.00± 0.00
10 100.00±0.00 - 100.00±0.00 0.00±0.00 - 0.00±0.00

TOSIL
0 83.33± 1.66 - 83.33±1.66 17.78± 1.93 - 16.67± 1.67
2 80.56±1.92 - 80.56±1.92 20.00±2.88 - 18.33±2.89
10 92.22± 0.96 - 81.67± 3.33 9.44± 0.96 - 9.44± 0.96

Single-task multi-variation scenario

The discussion of the results begins with the single-task
multi-variation scenario, focusing on the baseline methods TOSIL
[6] and MOSAIC [8]. Specifically, Table 3.5 presents the per-
formance of these baseline methods.

As observed, both baseline methods suffer from the issue
of target-object misidentification. This is evident from
the Success with Wrong Object column, where the success rate
involving wrong objects is significant. Figure 3.24 provides
an example of a pick-and-place rollout in which the task is
technically completed, but the wrong object is manipulated.

To investigate the cause of these errors, test rollouts were
conducted using the first 2 and 10 actions generated by a
hand-written policy with access to ground-state information.
Notably, the success rate improves significantly by applying
just 2 ground-truth actions. This observation supports the
hypothesis outlined in Section 3.2, suggesting that the end-to-
end architecture trained with an action-centric loss produces
a suboptimal embedding z for the cognitive task. Specifically,
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Figure 3.24: Example of task rollout with incorrect object ma-
nipulation. In this scenario, the robot successfully completes
the task by placing an object in the first bin. However, instead
of manipulating the correct object (the green box), the robot
mistakenly picks up the blue box. This illustrates a situation
where the robot executes the task’s final action correctly but
selects the wrong object during manipulation.

the embedding does not adequately inform the control policy
about the correct position of the target object.

Based on this consideration, the thesis proposal to inform
the control module with both a low-level positional informa-
tion (e.g., the bouding-box of the target object) and a con-
trol embedding generated by the MOSAIC-backbone has been
tested. During this test, two models variations have been con-
sidered, the first named MOSAIC-GT-BB is basically the MO-
SAIC model, with the Control Module that receives in input
the control-embedding zcontrol and the ground-truth bouding-
box. The second, named MOSAIC-CTOD is the architecture
described in Section 3.3.1.

The results are summarized in Table 2.1. Several key obser-
vations can be made from these findings. For tasks involving
multiple similar objects that change positions across different
demonstrations (such as Pick-Place, Nut-Assembly, and Stack-
Block), the use of positional information significantly enhances
the system robustness. This enables the robot to consistently
reach the target object and improves the overall success rate.

In contrast, for the Press-Button task, while the MOSAIC-
CTOD method achieves a high success rate (95.56% on aver-
age), it does not overcome the baseline method, which consis-
tently solves the task with a 100% success rate. This limitation
arises because, once the button is reached, the positional infor-
mation provides no further guidance on how to complete the
task. Consequently, the robot often gets stuck near the button,
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Table 3.6: The single-task performance of the proposed
MOSAIC-CTOD module is compared to the MOSAIC and
MOSAIC-GT-BB baselines. MOSAIC-GT-BB refers to the
MOSAIC model, where the Control Module receives the
ground-truth target bounding box as input which represents
an ideal system.

Task Method
Reaching

[%]
Picking

[%]
Success

[%]

Reaching
Wrong
[%]

Picking
Wrong
[%]

Success with
Wrong Object

[%]

P
ic
k
-P
la
ce

MOSAIC 62.90±0.95 62.08±0.95 58.75±1.87 36.67±0.95 36.67±0.95 37.71±0.72
MOSAIC-GT-BB
(ideal system)

100.00± 0.00 97.71± 0.72 76.46± 3.20 0.00± 0.00 0.00± 0.00 0.00± 0.00

MOSAIC-CTOD
(proposal)

98.12±0.62 91.88±4.88 77.11±5.60 1.04±0.36 1.04±0.36 1.04±0.36

N
u
t-
A
ss
em

b
ly MOSAIC 38.89±1.11 36.67±1.11 33.33±1.11 59.26±1.69 55.93±1.69 51.48±2.31

MOSAIC-GT-BB
(ideal system)

100.00± 0.00 98.89± 1.11 70.37±1.69 0.00± 0.00 0.00± 0.00 0.00± 0.00

MOSAIC-CTOD
(proposal)

98.89±1.11 97.41±2.31 64.07±0.64 0.00±0.00 0.00±0.00 0.00±0.00

S
ta
ck
-B

lo
ck

MOSAIC 60.56±0.96 60.56±0.96 53.33±1.66 39.44±0.96 39.44±0.96 36.11±0.96
MOSAIC-GT-BB
(ideal system)

100.00± 0.00 99.44± 0.96 90.00± 2.89 0.00± 0.00 0.00± 0.00 0.00± 0.00

MOSAIC-CTOD
(proposal)

100.00±0.00 100.00±0.00 91.67±2.88 0.00±0.00 0.00±0.00 0.00±0.00

P
re
ss
-B

u
tt
on MOSAIC 100.00±0.00 - 100.00±0.00 0.00±0.00 - 0.00±0.00

MOSAIC-GT-BB
(ideal system)

92.22± 2.54 - 90.56± 1.92 3.88± 0.96 - 3.88± 0.96

MOSAIC-CTOD
(proposal)

97.22±1.92 - 95.56±1.92 2.77±0.96 - 2.77±0.96

failing to execute the pushing action (Figure 3.25).
Furthermore, the inclusion of positional information intro-

duces a novel type of error. Specifically, since the robot behav-
ior is conditioned by the bounding box, any error in its pre-
diction can cause the robot to move incorrectly (Figure 3.26).
This error is significant, as in the Pick-Place task, the metric
“Place Wrong with Correct Object” reaches 11.25%, and for
the Nut-Assembly task, the same metric averages 22.22%.

To address this issue, the Double-Control Module architec-
ture has been proposed (Section 3.3.2), with the corresponding
results presented in Section 3.4.2.2.

Multi-task multi-variation scenario
As in the previous paragraph, an evaluation of the two base-
line methods was also conducted in the multi-task setting. The
results are summarized in Table 3.7. The same general trends
and behaviors observed in the single-task scenario are present
here as well. Specifically, both baselines demonstrate the abil-
ity to produce reasonable trajectories that allow the robot to
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Figure 3.25: Example of unsuccessful Press-Button rollout. In
this scenario, the robot successfully reaches the target button
using the predicted bounding box (blue). However, due to in-
stability in predictions during the pushing phase, the robot is
unable to complete the pressing action, resulting in an unsuc-
cessful task execution.

complete the task, though they manipulate the wrong object.

Furthermore, when comparing the results from Table 3.5
with those in Table 3.7, it is evident that the success rate
decreases across all methods in the more complex multi-task
setting. This highlights a potential issue with task balancing
during the learning process.

After evaluating the baseline, the proposed MOSAIC-CTOD
was tested, using the same variations as in the previous section.
Table 3.8 summarizes the results obtained with the inclusion
of positional information. Compared to the baseline, a gen-
eral improvement is observed. However, caution is required
when training the system in a multi-task setting. Specifically,
when comparing the single-task performance (Table 3.6) to the
multi-task performance, there is a noticeable drop in success
rates for the same tasks. This decline is particularly evident in
the system’s ability to execute the “pick” primitive, especially
when the nut object is involved. This observation underscores

Figure 3.26: Example of unsuccessful Pick-Place rollout. In
this case, the robot fails to complete the task due to errors in
the bounding box predictions. These inaccuracies cause the
robot to move in the wrong direction, leading to an unsuccess-
ful execution of the task.
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Table 3.7: The multi-task performance of the baseline methods,
TOSIL [6] and MOSAIC [8] was evaluated. For each model,
additional tests were conducted by generating the first 2 steps
and 10 steps using the hand-written controller.

Task Model GT Action
Reaching

[%]
Picking

[%]
Success

[%]

Reaching
Wrong
[%]

Picking
Wrong
[%]

Success with
Wrong Object

[%]

P
ic
k
-P
la
ce MOSAIC

0 25.83±1.30 23.96±0.72 22.71±0.72 65.63±2.87 63.96±1.90 67.92±1.30
2 61.04±2.19 58.13±2.86 56.46±3.14 36.04±1.90 35.42±1.90 36.25±1.08
10 97.77±0.36 95.00±0.62 87.50±1.25 2.50±0.62 2.29±0.95 2.29±0.72

TOSIL
0 35.42±0.72 27.08±1.30 26.46±1.80 60.21±1.57 59.58±1.44 59.58±1.44
2 62.57±0.64 48.19±1.26 48.06±1.26 31.88±3.13 31.81±3.13 37.08±2.82
10 98.13± 0.63 86.18± 1.88 85.90± 2.19 1.88± 0.63 1.88± 0.63 1.88± 0.63

N
u
t-
A
ss
em

b
ly

MOSAIC
0 32.96±1.28 30.74±2.31 28.53±2.31 56.30±4.49 48.15±4.20 41.67±1.66
2 76.67±1.11 73.33±1.92 65.56±4.00 19.63±0.64 17.41±1.28 17.04±1.69
10 100.00±0.00 97.78±1.11 82.96±1.28 0.00±0.00 0.00±0.00 0.00±0.00

TOSIL
0 27.78±2.94 24.44±2.94 22.59±3.57 70.37±2.57 67.78±2.22 64.81±2.57
2 87.04±1.70 85.43±2.23 80.86±2.83 12.96±1.70 12.96±1.70 12.96±1.70
10 100.00± 0.00 98.27± 0.57 94.94± 0.57 0.00± 0.00 0.00± 0.00 0.00± 0.00

S
ta
ck
-B

lo
ck MOSAIC

0 57.78±1.92 57.78±1.92 55.56±2.54 42.22±1.92 42.22±1.93 41.11±1.67
2 95.56±0.96 95.56±0.96 89.44±1.92 4.44±0.96 4.44±0.96 4.44±0.96
10 100.00±0.00 100.00±0.00 92.22±0.96 0.00±0.00 0.00±0.00 0.00±0.00

TOSIL
0 54.44±0.96 54.44±0.96 48.89±0.96 46.11±0.96 45.56±0.96 45.56±0.96
2 87.59±0.85 87.59±0.85 74.81±1.70 12.41±0.85 12.41±0.85 12.41±0.85
10 100.00± 0.00 100.00± 0.00 82.22± 4.19 0.00± 0.00 0.00± 0.00 0.00± 0.00

P
re
ss
-B

u
tt
on MOSAIC

0 78.33±1.66 - 77.22±2.54 22.78±2.54 - 22.78±2.54
2 77.22±0.96 - 76.67±1.67 23.33±1.66 - 23.33±1.66
10 82.78±2.54 - 80.00±3.33 20.00±3.33 - 20.00±3.33

TOSIL
0 70.56±7.52 - 60.59±11.34 27.22±2.47 - 27.22±2.47
2 74.44±2.55 - 60.37±4.24 25.56±2.55 - 25.56±2.55
10 75.93± 2.51 - 60.00± 1.67 25.74± 0.85 - 25.74± 0.85

the importance of incorporating regularization techniques dur-
ing multi-task learning to manage the varying complexities of
different tasks.

3.4.2.2 Double control modules

In this section the results obtained with the Double Control
Module (Section 3.3.2) are going to be discussed.

Single-task multi-variation scenario
As discussed in Section 3.3.2, the introduction of the Double
Control Module (DCM) was motivated by the need to reduce
errors associated with incorrect object placement. These errors
arise from inaccurate bounding-box predictions, which can lead
to error propagation.

To address this issue, the architecture of the Double Con-
trol Module evolved through incremental design iterations and
validation steps. Specifically, the process started by observing
that the positional information given by the bouding-box is
useful only during the reaching phase, while it becomes useless
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Table 3.8: The multi-task performance of the proposed
MOSAIC-CTOD module is compared to the MOSAIC and
MOSAIC-GT-BB baselines. MOSAIC-GT-BB refers to the
MOSAIC model, where the Control Module receives the
ground-truth target bounding box as input which represents
an ideal system.

Task Method
Reaching

[%]
Picking

[%]
Success

[%]

Reaching
Wrong
[%]

Picking
Wrong
[%]

Success with
Wrong Object

[%]

P
ic
k
-P
la
ce

MOSAIC 25.83±1.30 23.96±0.72 22.71±0.72 65.63±2.87 63.96±1.90 67.92±1.30
MOSAIC-GT-BB
(ideal system)

100.00±0.00 89.58±2.19 58.33±0.90 0.00±0.00 0.00±0.00 0.00±0.00

MOSAIC-CTOD
(proposal)

80.21±1.44 67.50±0.62 53.33±1.90 4.16±0.71 3.54±0.36 0.37±0.64

N
u
t-
A
ss
em

b
ly MOSAIC 32.96±1.28 30.74±2.31 28.53±2.31 56.30±4.49 48.15±4.20 41.67±1.66

MOSAIC-GT-BB
(ideal system)

99.63±0.64 91.48±2.31 37.04±5.70 0.00±0.00 0.00±0.00 0.00±0.00

MOSAIC-CTOD
(proposal)

68.69±1.11 49.63±3.30 33.33±4.00 11.48±1.69 5.55±2.94 0.00±0.00

S
ta
ck
-B

lo
ck

MOSAIC 57.78±1.92 57.78±1.92 55.56±2.54 42.22±1.92 42.22±1.93 41.11±1.67
MOSAIC-GT-BB

(ideal system)
94.44±5.85 91.11±6.73 73.89±5.00 10.00±2.88 0.00±0.00 0.00±0.00

MOSAIC-CTOD
(proposal)

97.92±2.09 96.67±2.35 87.92±2.00 1.25±0.83 0.41±0.83 0.00±0.00

P
re
ss
-B

u
tt
on MOSAIC 78.33±1.66 - 77.22±2.54 22.78±2.54 - 22.78±2.54

MOSAIC-GT-BB
(ideal system)

100.00±0.00 - 98.33±0.00 0.55±0.96 - 0.55±0.96

MOSAIC-CTOD
(proposal)

92.78±0.96 - 91.11±2.54 3.89±4.19 - 3.88±4.19

after it. For this reason, the training of the MOSAIC-CTOD
has been changed, setting to zero the bounding-box after the
picking. Then, observing the obtained results and the error
cases, the Double Control Module has been realized.

Table 3.9 summarizes the obtained results, from which sev-
eral important considerations can be made.

Firstly, it is noteworthy that removing the bounding box
after picking reduces the error percentage for the Place Wrong
Correct Object category to 0.00%, confirming the earlier ob-
servation regarding the noisy nature of the predicted bounding
box after the picking phase. However, this modification alone
does not lead to a general improvement in the overall success
rate. In fact, the MOSAIC-CTOD (no-bb after pick) model
has a lower picking rate. This occurs because the control mod-
ule issues the closing command too early, creating an out-of-
distribution sample, which drives the robot into a novel state
that was not encountered during training, making it unable to
complete the task (Figure 3.27).

Regarding the performance of the proposed MOSAIC-COD
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Table 3.9: MOSAIC-COD results obtained in the single-task
setting. The model is compared to baselines such as MOSAIC-
CTOD (Section 3.4.2.1), a modified version of MOSAIC-
CTOD that does not receive the predicted bounding box after
picking, and MOSAIC-DP, which is the MOSAIC architecture
proposed in [8], but with two control modules.

Task Model
Reaching

[%]
Picking

[%]
Success

[%]

Place Wrong
Correct Object

[%]

P
ic
k
-P
la
ce

MOSAIC-CTOD
(proposal)

98.12±0.62 91.88±4.88 77.11±5.60 11.25±1.08

MOSAIC-CTOD
(no-bb after pick)

95.69±1.88 83.89±3.45 82.36±3.13 0.00±0.00

MOSAIC-DP 36.60±0.32 28.82±1.26 27.36±1.59 0.00±0.00
MOSAIC-COD

(proposal)
100.00±0.00 93.75±0.62 93.33±0.72 0.00±0.00

N
u
t-
A
ss
em

b
ly

MOSAIC-CTOD
(proposal)

98.89±1.11 97.41±2.31 64.07±0.64 22.22±2.93

MOSAIC-CTOD
(no-bb after pick)

81.76±0.58 64.44±5.09 58.15±0.15 0.00±0.00

MOSAIC-DP 30.62±0.57 25.06±0.57 23.21±1.13 0.00±0.00
MOSAIC-COD

(proposal)
99.63±0.64 85.19±4.60 81.11±3.84 0.00±0.00

S
ta
ck
-B

lo
ck

MOSAIC-CTOD
(proposal)

100.00±0.00 100.00±0.00 91.67±2.88 -

MOSAIC-CTOD
(no-bb after pick)

92.59±2.51 85.74±0.85 76.30±5.04 -

MOSAIC-DP 67.22±2.55 54.26±0.85 51.48±1.70 -
MOSAIC-COD

(proposal)
100.00±0.00 100.00±0.00 95.00±1.66 -

P
re
ss
-B

u
tt
on

MOSAIC-CTOD
(proposal)

97.22±1.92 - 95.56±1.92 -

MOSAIC-CTOD
(no-bb after pick)

81.85±3.35 - 77.04±3.39 -

MOSAIC-DP 88.70±3.39 82.96±5.89 -
MOSAIC-COD

(proposal)
100.00±0.00 - 91.11±1.92 -

module, it is notable that it achieves the highest success rate
in 3 out of 4 tasks. Specifically, for tasks prone to placing the
correct object in the wrong position, such as Pick-Place and
Nut-Assembly, this type of error is eliminated, resulting in an
overall improvement in the success rate.

Additionally, a novel variant of the MOSAIC baseline,
MOSAIC-DP, has been implemented. This model follows the
classic MOSAIC architecture proposed in [8], but it is equipped
with two control modules. One module handles the reaching
primitive, while the other is responsible for the primitive used
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Figure 3.27: Example of an unsuccessful Pick-Place operation
using the “no-bb after pick” variant. In this scenario, the
robot successfully reaches the target box based on the predicted
bounding box (blue). However, the single-control module pre-
maturely predicts the closing command, preventing the robot
from correctly picking up the object.

in the final part of the task (i.e., placing, assembly, stacking,
or pushing, respectively).

It is important to note that the performance of this vari-
ation is very similar to the original MOSAIC baseline, even
though the control problem is simplified by splitting it into two
phases corresponding to different primitives. Specifically, the
most significant error in this case also stems from manipulating
the wrong object. The success rates with the wrong object are
54.38%, 46.67%, 46.67%, and 7.59% for the Pick-Place, Nut-
Assembly, Stack-Block, and Press-Button tasks, respectively.

This further supports the central thesis, which suggests that
the end-to-end architecture struggles to create an optimal em-
bedding that addresses both cognitive and control tasks effec-
tively.

Multi-task multi-variation scenario

Given the results and observations from the previous sec-
tion, the MOSAIC-COD module is directly compared to the
baselines MOSAIC and MOSAIC-CTOD in the Multi-Task
setting. Table 2.4 summarizes the results. As can be seen,
the use of specialized models trained for the two task phases,
reaching and placing, leads to a system that consistently picks
the target object. This improvement is particularly evident in
the more complex tasks, such as Pick-Place and Nut-Assembly.
The enhanced picking rate demonstrates that having accurate
information about the target object position enables correct
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Table 3.10: MOSAIC-COD results obtained in the multi-task
setting. The model is compared with MOSAIC and MOSAIC-
CTOD models.

Task Model
Reaching

[%]
Picking

[%]
Success

[%]
P
ic
k
-P
la
ce

MOSAIC 25.83±1.30 23.96±0.72 22.71±0.72
MOSAIC-CTOD

(proposal)
80.21±1.44 67.50±0.62 53.33±1.90

MOSAIC-COD
(proposal)

100.00±0.00 94.79±0.90 89.58±3.55

N
u
t-
A
ss
em

b
ly MOSAIC 32.96±1.28 30.74±2.31 28.53±2.31

MOSAIC-CTOD
(proposal)

68.69±1.11 49.63±3.30 33.33±4.00

MOSAIC-COD
(proposal)

99.63±0.64 78.15±2.31 70.74±4.49

S
ta
ck
-B

lo
ck

MOSAIC 57.78±1.92 57.78±1.92 55.56±2.54
MOSAIC-CTOD

(proposal)
97.92±2.09 96.67±2.35 87.92±2.00

MOSAIC-COD
(proposal)

98.33±0.00 98.33±0.00 85.00±5.00

P
re
ss
-B

u
tt
on MOSAIC 78.33±1.66 - 77.22±2.54

MOSAIC-CTOD
(proposal)

92.78±0.96 - 91.11±2.54

MOSAIC-COD
(proposal)

83.89±2.55 - 71.67±2.88

target acquisition, while the presence of two control modules
allows for training specific controllers for simpler primitives.

However, despite the improvements observed in Pick-Place
and Nut-Assembly, MOSAIC-COD has the lowest overall suc-
cess rate on the Press-Button task. This can be attributed
to two main factors. First, the Press-Button task is substan-
tially different from the other three tasks. Unlike the others, it
does not involve pick-and-place primitives, making it an out-
of-distribution task. Second, the instability of the bounding
boxes produced can lead to undesirable behaviors, such as sud-
den movements or freezing.
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Figure 3.28: The dataset used for generalization tests removes
one variation from each set of variations for a given target
object.

3.4.2.3 Proprioceptive state and Generalization tests

In this section, additional experiments are described, focusing
on two key objectives.

The first set of experiments aims to determine whether
the integration of proprioceptive information can enhance the
system’s robustness. This is particularly important for tasks
requiring fine manipulation, such as the Nut-Assembly task,
where the goal is to reduce errors during the assembly phase,
specifically avoiding instances where the nut hits the peg.

The second set of experiments explores the generalization
capabilities of the proposed system. Specifically, the goal is to
assess whether the system can generalize to previously unseen
task variations. To evaluate this, the system is trained on a
subset of task variations selected as follows: for a set of varia-
tions involving a specific target object (e.g., a green box), one
variation is excluded (e.g., placing the box into the first bin).
However, in other sets involving different objects, the variation
that requires placing the object into the first bin is retained.
This setup allows for testing how well the system can transfer
knowledge across different variations. By doing so, it becomes
possible to evaluate whether the system can achieve robust
performance with less training data, eliminating the need to
collect every possible variation for each object (Figure 3.28).

Proprioceptive information
The proprioceptive information selected for the four tasks con-
sidered includes the joint positions, jointspos ∈ R6 and the
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Table 3.11: The results obtained by integrating proprioceptive
information in both Single-Task and Multi-Task scenarios. For
each baseline model, the corresponding version that includes
the proprioceptive state (P) was trained and tested.

Task Model
Success

(Single-Task)
[%]

Success
(Multi-Task)

[%]

P
ic
k
-P
la
ce

MOSAIC 58.75±1.87 22.71±0.72
MOSAIC-P 12.84±0.31 7.26±1.75

MOSAIC-CTOD
(proposal)

77.11±5.60 53.33±1.90

MOSAIC-CTOD-P
(proposal)

87.84±2.43 68.29±3.80

MOSAIC-COD
(proposal)

93.33±0.72 89.58±3.55

MOSAIC-COD-P
(proposal)

96.04±0.56 58.93±8.76

N
u
t-
A
ss
em

b
ly

MOSAIC 33.33±1.11 28.53±2.31
MOSAIC-P 13.83±0.57 9.63±0.64

MOSAIC-CTOD
(proposal)

64.07±0.64 33.33±4.00

MOSAIC-CTOD-P
(proposal)

95.06±0.56 38.14±3.40

MOSAIC-COD
(proposal)

81.11±3.84 70.74±4.49

MOSAIC-COD-P
(proposal)

95.06±0.57 53.83±1.44

S
ta
ck
-B

lo
ck

MOSAIC 53.33±1.66 55.56±2.54
MOSAIC-P 29.07±2.50 13.33±5.77

MOSAIC-CTOD
(proposal)

91.67±2.88 87.92±2.00

MOSAIC-CTOD-P
(proposal)

91.11±6.90 72.22±2.55

MOSAIC-COD
(proposal)

95.00±1.66 85.00±5.00

MOSAIC-COD-P
(proposal)

96.67±1.66 22.77±1.93

P
re
ss
-B

u
tt
on

MOSAIC 100.00±0.00 77.22±2.54
MOSAIC-P 65.00±3.33 42.00±2.65

MOSAIC-CTOD
(proposal)

95.56±1.92 91.11±2.54

MOSAIC-CTOD-P
(proposal)

86.66±6.66 50.33±0.58

MOSAIC-COD
(proposal)

91.11±1.92 71.67±2.88

MOSAIC-COD-P
(proposal)

72.03±3.39 79.33±5.13
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Figure 3.29: Proprioceptive information is integrated in both
the end-to-end architecture (top) and the modular architecture
(bottom). The proprioceptive vector, xprop, is constructed from
the robot’s six continuous joint positions and the binary gripper
state.

gripper state, gripperstate ∈ [0, 1]. This vector of elements,
xprop, is provided as input directly to the Control Module, as
shown in Figure 3.29.

Specifically, for each baseline method, MOSAIC, MOSAIC-
CTOD, and MOSAIC-COD, a version of the model incorporat-
ing proprioceptive information was trained. Table 3.11 presents
the success rates for both the Single-Task and Multi-Task sce-
narios.

It is important to note that for 3 out of 4 tasks, the best
performance is achieved by combining the Double-Policy ap-
proach with proprioceptive information, effectively solving the
manipulation tasks of Pick-Place, Nut-Assembly, and Stack-
Block in a robust manner. The greatest improvement is seen
in the Nut-Assembly task, where the proprioceptive informa-
tion resolves issues related to collisions and robot freezing.

However, this improvement is not observed in the Press-



130 3. Proposed object conditioned control policy

Button task, where a 35% drop in success rate is seen, even
with the MOSAIC baseline. In this task, the main failure
cases are related to unstable robot behavior. Additionally, in
variations focused on object orientation, the robot often gets
stuck when correctly approaching the button.

Notably, this behavior is not observed in the Multi-Task
scenario. In fact, the highest performance is achieved by meth-
ods that exclude proprioceptive information. Interestingly, the
inclusion of proprioceptive data seems to exacerbate the im-
balance between tasks, preventing the system from effectively
leveraging this additional information during testing and re-
sulting in instability.

For example, in the case of the MOSAIC-CTOD-P module,
the robot successfully picks the target object only 58.87% of
the time. This occurs because the closing command is sent too
early, relative to the object position. Furthermore, the success
rate drops further to 38.14%, as the robot, despite reaching
the target peg, collides with it, an issue where proprioceptive
information should theoretically provide assistance, especially
since the pegs are fixed.

This instability is most evident in the Stack-Block task,
where the success rate falls to 22.77% for the MOSAIC-COD-
P module, despite the robot picking the target object with an
average rate of 80.00%. The errors in this case are due to
the object being dropped during stacking, caused by impre-
cise placement, as well as instances where the robot becomes
completely stuck.

These results highlight the need for a balanced learning
procedure in the context of Multi-Task Learning, as discussed
earlier in Section 3.4.2.1.

Generalization
Regarding the generalization tests, we evaluated only the three
tasks where the previously explained variation selection was
applicable. Specifically, the following variations were removed
for each task (Figure 3.28):

• Pick-Place: Variations 1, 6, 11, and 16 were excluded.

• Nut-Assembly: Variations 1, 5, and 9 were excluded.
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Table 3.12: The results obtained by testing the models on un-
seen variations.

Task Model
Reaching

(Single-Task)
[%]

Success
(Single-Task)

[%]

Reaching
(Multi-Task)

[%]

Success
(Multi-Task)

%]

P
ic
k
-P
la
ce

MOSAIC 35.83±2.82 31.67±3.82 32.50±2.50 20.83±5.70
MOSAIC-CTOD

(proposal)
100.00±0.00 87.50±4.30 100.00±0.00 63.33±5.20

MOSAIC-COD
(proposal)

100.00±0.00 89.17±2.89 100.00±0.00 94.17±2.88

N
u
t-
A
ss
em

b
ly MOSAIC 22.22±1.93 13.33±3.33 27.78±3.85 18.88±3.84

MOSAIC-CTOD
(proposal)

100.00±0.00 38.89±6.94 100.00±0.00 51.11±1.92

MOSAIC-COD
(proposal)

98.89±1.93 57.78±5.09 100.00±0.00 90.00±3.33

S
ta
ck
-B

lo
ck

MOSAIC 58.89±1.93 53.33±3.33 60.00±5.77 56.66±3.33
MOSAIC-CTOD

(proposal)
100.00±0.00 94.44±6.94 100.00±0.00 88.88±5.00

MOSAIC-COD
(proposal)

100.00±0.00 97.78±1.93 100.00±0.00 72.20±5.09

• Stack-Block: Variations 1, 4, and 6 were excluded.

The models were trained on the remaining variations and
tested on the excluded ones following the same procedure.

Table 3.12 summarizes the success rates obtained for both
the Single-Task and Multi-Task settings. Notably, with the
introduction of the CTOD and COD modules, the system con-
sistently reaches the correct target object in unseen variations.
Similarly, the robot is able to pick and complete tasks, outper-
forming the MOSAIC baseline across all tested tasks.

This is a promising result, as it demonstrates that the sys-
tem can effectively share knowledge across different variations,
enabling robust training with fewer data.

3.5 Conclusion

In conclusion, this chapter introduced and discussed the Ob-
ject Conditioned Control Policy (OCCP), a modular control
architecture designed to incorporate the Conditioned Object
Detector. This integration enables the control policy to utilize
low-dimensional positional information about the target ob-
ject’s location, while the Control Module Backbone produces
an embedding that captures task-relevant information. This
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embedding is derived from gradients computed through back-
propagation of an action-centric loss function, effectively ad-
dressing or mitigating the target-object misidentification issues
observed in baseline models.

Two specific control architectures were proposed: MOSAIC-
CTOD, which integrates the Conditioned Target Object Detec-
tor, and MOSAIC-COD, which incorporates the Conditioned
Object Detector. The latter generates both the bounding box
of the target object and the bounding box of the target position
of interest. These architectures were validated in a simulation
environment under both single-task multi-variation and multi-
task multi-variation scenarios. The results demonstrated that
incorporating object-related information allowed the system to
consistently reach and pick the target object, resulting in suc-
cessful task completion.

In the single-task scenario, MOSAIC-COD achieved the
highest average success rate (90.13%), representing a +28.77%
improvement over the MOSAIC baseline. In the multi-task
scenario, MOSAIC-COD achieved an average success rate of
79.24%, improving by +33.23% compared to the baseline.
The most significant improvements from object conditioning
were observed in tasks involving “pick-place” primitives, such
as Pick-Place, Nut-Assembly, and Stack-Block. However, a
general performance drop was noted in the Press-Button task,
where variations in bounding-box predictions led to unstable
robot behaviors.

Additional notable improvements were observed when pro-
prioceptive information (e.g., joint positions and gripper state)
was integrated. Specifically, the Nut-Assembly task, which
requires precise, contact-rich manipulation, saw the highest
gains. For MOSAIC-CTOD-P, the average success rate reached
95.06%, marking an improvement of +30.99% over the version
without proprioceptive data. This success was attributed to
the fixed positions of the target pegs, where joint position in-
formation helped the robot avoid collisions and correctly insert
the pegs. Moreover, the proposed architecture demonstrated
zero-shot generalization to novel variations, with MOSAIC-
COD achieving an average success rate of 81.57% in the single-
task scenario and 85.45% in the multi-task scenario. This
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represents improvements of +48.79% and +53.32% over the
MOSAIC baseline, respectively.

Overall, the introduction of inferred object priors led to
significant improvements over the baseline. However, further
refinements in the learning process, particularly in multi-task
scenarios, are needed. Specifically, future work should account
for the varying difficulties of different tasks in these scenarios.
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Chapter 4

Experimental validation
in real-world scenario

This chapter details the validation of the proposed methods
in a real world scenario. Specifically, Section 4.1 describes the
experimental setup. Section 4.2 discusses the dataset used to
train the system. Finally, Section 4.3 presents the results ob-
tained.

4.1 Experimental Setting

In this section, the experimental setup is explained and defined.
Figure 4.1 illustrates the workspace where the robot operates,
and compares it to the corresponding simulation environment.
As can be observed, the simulation environment closely resem-
bles the real-world counterpart. Both environments consist of
the same robot agent, with identical camera configurations and
workspace setup.

Specifically, the experimental setup includes:

• The Universal Robots UR5e robot [139], equipped with
the Robotiq 2F-85 gripper [140], which acts as the agent.

• Four Zed-Mini stereo cameras [141], one camera is
mounted on the gripper, while the remaining three are
positioned around the robot to ensure complete coverage
of the workspace.
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Figure 4.1: Workspace comparison between real-world (left)
and simulated (right) scenarios. Images are taken from the
frontal camera (Top-Left), the gripper camera (Top-Right),
lateral-left camera (Bottom-Left) and lateral-right (Bottom-
Right).

• A 100×100 cm working table.

The reason for maintaining a high similarity between the
real-world and simulation environments is to evaluate the po-
tential for pre-training the model on a large and comprehensive
simulation dataset, followed by fine-tuning on a smaller and in-
complete real-world dataset. This approach allows leveraging
the advantages of simulation for initial training while adapt-
ing the model to real-world conditions with minimal additional
data.

4.2 Dataset

For the real-world validation, the focus will be on testing the
model on themulti-variation Pick-Place task, using a smaller
set of variations compared to the complete 16 variations de-
scribed in Section 2.4.1.

Figure 4.2 represents the 6 variations used in the real-world
validation. As can be noted, these are essentially the first six
variations of the Pick-Place Task used in the simulation envi-
ronment.

A preliminary dataset composed of 40 trajectories for
each variation has been collected by teleoperating the robot
with a console controller. Regarding the object placement, the
same procedure described in Section 3.4.1 was applied. This
means that the set of 4 bins (15 × 15 × 7 cm) was fixed in
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Figure 4.2: Set of variations used in the real-world robot evalu-
ation. For each variation, the first and last frames are provided

position, while the 4 boxes (4 × 4 × 6 cm) could vary in their
position within a region of 60 cm in length and 15 cm in height.

A specific protocol was implemented to collect trajectories
within the extensive placement area, defining the positioning
of objects in the picking region. The various placements of the
target object are shown in Figure 4.3. While the workspace
may appear limited, this dataset is the first real-world dataset
in Visual-Conditioned Imitation Learning to cover such a large
operational space. In contrast, other works are either restricted
to simulation environments [6, 8] or involve simpler scenarios
with much smaller placement areas [5].

Trajectories are collected through teleoperation the robot
is controlled in its operational space, with the controller that
sends continuous velocity commands on a specific axis, this ve-
locity command is defined by the value read by the controller’s
potentiometers. During teleoperation different information are
recorded:

• Images from the front, laterals and gripper cameras, both
RGB and Depth images are recorded.

• Proprioceptive information like joints positions and ve-
locities.

• Trajectory state, which is manually changed by the hu-
man operators based on the task state. The phases are:
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Figure 4.3: Placement configuration used for the trajectory col-
lection. For each placement configuration, 4 trajectories were
collected. The target object initially starts at the rightmost
position, and in each subsequent trajectory, the box is moved
to the adjacent position. This process is then repeated twice,
each time with a different object orientation, resulting in a to-
tal of 40 trajectories for a given configuration.

1. Start, this phase starts at the beginning of the tra-
jectory till the robot gripper is perpendicular to the
target object.

2. Approaching, this phase starts when the robot ap-
proaches the target object with its descending move-
ment.

3. Picking, this phase is characterized by the gripper
that is ready to be closed to pick the object, and
contains the closing command.

4. Moving, this phase starts after the robot picks the
object and lift it from the table, this phase ends
when the gripper is perpendicular to the target bin.

5. Placing, this phase starts when the robot is ready
to place the object, starting the descending phase
towards the target bin, this phase also contains the
opening command.

• Objects bounding boxes, which are generated automati-
cally, requiring minimal input from human operators. At
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the start of the trajectory, the operator needs to spec-
ify the position of each object in the scene, including
both boxes and bins. This is done by displaying the first
frontal frame of the trajectory and clicking on the ob-
jects with the cursor. The positions, initially defined in
discrete pixel-space, are then converted into continuous
world-space through a series of transformations, using the
camera’s intrinsic and extrinsic parameters. The extrin-
sic parameters are obtained via a calibration procedure
that uses ARUCO markers.

The overall space coverage of the real-world dataset is shown
in Figure 4.4. As observed, the coverage is more limited and
significantly noisier compared to the simulated dataset, even
when restricted to the same variations. This is due to the
collection of fewer trajectories and the use of teleoperation
without hand-written control rules, which typically produce
smoother and more deterministic robot behaviors. These lim-
itations pose additional challenges in learning a robust control
policy, particularly for generalizing to different target object
placements. This issue will be addressed in this thesis by ini-
tially training the policy in the simulation environment, where
a complete dataset is available, and then fine-tuning it on the
noisy real-world dataset.

4.3 Results

In this section the results obtained with the real-world exper-
iments are going to be discussed. Specifically, the focus is on
evaluating the proposed conditioned object detectors, which
were described in Chapter 2, and the proposed object condi-
tioned control policies, which were described in Chapter 3.

4.3.1 Conditioned object detector validation

In this section, the validation of the proposed C(T)OD mod-
ules is going to be discussed. To validate this model also in
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Figure 4.4: (Left) Trajectory distribution along the x-y axis of
the real-world dataset. (Right) Trajectory distribution along
the x-y axis of the simulated dataset, constrained to the same
variations and number of trajectories as the real-world coun-
terpart. It can be observed that the real-world dataset exhibits
a much sparser and noisier distribution, due to the fact that
the trajectories are collected via teleoperation.

a real-world scenario, the same metric used for the simulated
counterpart are used (Section 2.4.2).

Table 4.1 and Table 4.2 summarize the obtained perfor-
mance of the both the CTOD and the COD modules respec-
tively, trained in two different settings, the first one training
the module from scratch, the second one by finetuning the
model obtained with the dataset collected in the simulation
environment (Section 2.4.1). These models were trained with
a dataset divided according to the 90-10 rules, and the results
refers to the Precision, Recall and Average IoU obtained by
the best model on the Validation set.

As noted, in this case, the system consistently assigns a
bounding box to the target classes, with Recall always equal
to 1.00. However, for the CTOD module, a performance drop is
observed compared to the simulated model (Table 2.1). Specif-
ically, Precision@0.5 for the CTOD module decreases from
0.770 to 0.640 for the model trained from scratch. A further
drop occurs for the fine-tuned model, where Precision@0.5 de-
creases to 0.604.

To better understand this performance decline, it is essen-
tial to analyze the error distribution. For the CTOD mod-
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Table 4.1: Results of the CTOD module obtained in the real-
world scenario. Performances are reported in terms of Preci-
sion (Prec), Recall (Rec) with an IoU threshold of 0.5 and the
Average IoU (IoUavg), for both the modal trained from scratch
and the finetuned.

Task Precision@0.5 Recall@0.5 IoUavg

Pick-Place
(scratch)

0.640 1.00 0.563

Pick-Place
(finetuned)

0.604 1.00 0.535

Table 4.2: Results of the COD module obtained in the real-
world scenario. Performances are reported in terms of Preci-
sion (Prec), Recall (Rec) with an IoU threshold of 0.5 and the
Average IoU (IoUavg), for both the modal trained from scratch
and the finetuned.

Task Precision@0.5 Recall@0.5
IoUavg

(target)
IoUavg

(target-place)

Pick-Place
(scratch)

0.725 1.00 0.444 0.916

Pick-Place
(finetuned)

0.758 1.00 0.498 0.919

ule, out of a total of 24660 frames, there are 8867/9771
(scratch/finetuned) false positives. Notably, 2599/3340 of
these occur during the reaching phase, while 6268/6431 occur
during the placement phase, i.e., after the picking action.

This increase in errors is due to several factors, with oc-
clusion being a primary cause. Since the physical robot has
a camera mounted on the gripper, the object can become par-
tially occluded during motion, leading to detection difficulties.
Furthermore, the automated bounding-box generation proce-
dure can introduce noise, particularly during movement, due
to errors in camera calibration and the physical measurement
of the robot base link position relative to the center of the table
(where the ARUCO marker is placed for calibration).

Conversely, the COD module exhibits a different behavior.
Specifically, Precision@0.5 improves for both the fine-tuned
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Figure 4.5: (Top Row) Example of CTOD prediction. (Bottom
Row) Example of COD prediction. The images illustrate one
of the less accurate predictions. While the system successfully
identifies the target (blue bounding box), the prediction is less
precise compared to the ground truth (green bounding box),
particularly for the target object. As shown, the offset error
increases during placement, likely due to the object being oc-
cluded by the gripper. Additionally, some inaccuracies in the
ground truth are caused by the automatic generation process.

model and the model trained from scratch. When compar-
ing the COD module trained in simulation (Table 2.3) with
the real-world version, Precision@0.5 increases from 0.667 to
0.725 for the model trained from scratch and to 0.758 for the
fine-tuned model.

It is also important to examine the distribution of false pos-
itives. With the same number of validation frames (24660),
there are a total of 13577/11915 false positives for the target-
object class in the scratch/fine-tuned models, respectively, and
0/7 false positives for the target-place class. Additionally,
the false positives are unevenly distributed between phases:
5207/4093 false positives occur during the reaching phase (be-
fore the pick), while 8370/7822 occur during the placing phase
(after the pick). This imbalance in false positives is primarily
caused by occlusions and inherent errors in the automated gen-
eration of bounding boxes.

Finally, Figure 4.5 shows sample predictions from both the
CTOD and COD modules. Although the system consistently
detects the target object’s location, errors increase during the
placement motion, primarily due to the aforementioned chal-
lenges.
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4.3.2 Object conditioned control policy val-
idation

In this section, the validation of the MOSAIC-C(T)OD(-P)
modules will be discussed, with a comparison of the perfor-
mance of the proposed methods against the MOSAIC baseline.
The systems were trained under two different settings: first,
with the model trained from scratch using only real-world data,
and second, with the model fine-tuned from an initial model
that was pre-trained in a simulated environment.

Table 4.3 summarizes the obtained results. Specifically,
these results are based on 10 rollouts per variation, each start-
ing from different initial configurations. Throughout the tests,
the aim was to maintain consistency in the scenarios presented
while also introducing new scenarios not encountered during
training. The evaluation metrics remain the same as those
used in Section 3.4.2, with a focus on the Reaching, Picking,
and Success metrics.

Several observations can be drawn from these results. First,
for models trained from scratch, the overall system perfor-
mance is poor, with a maximum success rate of 30%. How-
ever, the robot demonstrates a high Reaching-Rate, which is
consistently above 80%. This suggests that the object prior
is effective in informing the control policy about the object’s
position, even when trained with limited and noisy data.

The most common failure mode is evident in the drop be-
tween the Reaching and Picking rates, which is primarily due
to the gripper colliding with the target object during the pick-
ing phase (Figure 4.6). This issue can be attributed to sev-
eral factors: one major reason is the precision of the predicted
bounding box, which may cause slight misalignment (by a few
centimeters) of the gripper, resulting in a collision. Further-
more, the limited and noisy trajectories exacerbate the prob-
lem. Even with a correct bounding box, the noisy nature of the
trajectories, combined with the probabilistic nature of the pol-
icy, can lead to high-variance actions, increasing the likelihood
of collisions.

To address these limitations, a fine-tuned model was intro-
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Table 4.3: Results obtained by the MOSAIC-C(T)OD(-P)
models tested in the real-wolrd sceanrio. For each model two
variants are proposed, the first one with the model trained from
scratch, the second one with the model finetuned from a sim-
ulated trained one.

Task Method
Reaching

[%]
Picking

[%]
Success

[%]

P
ic
k
-P
la
ce

(s
cr
at
ch
) MOSAIC 11.29 0.00 0.00

MOSAIC-CTOD
(proposal)

95.00 11.66 5.00

MOSAIC-CTOD-P
(proposal)

100.00 30.00 30.00

MOSAIC-COD
(proposal)

86.66 16.66 16.66

MOSAIC-COD-P
(proposal)

55.36 21.43 12.50

P
ic
k
-P
la
ce

(fi
n
et
u
n
ed
) MOSAIC 16.95 0.00 0.00

MOSAIC-CTOD
(proposal)

93.22 44.07 33.90

MOSAIC-CTOD-P
(proposal)

81.36 47.46 44.07

MOSAIC-COD
(proposal)

86.67 55.00 55.00

MOSAIC-COD-P
(proposal)

85.00 46.67 46.67

duced, leveraging the initialization from a simulation-trained
model, where the workspace coverage includes less noisy tra-
jectories. As shown in Table 4.3, the fine-tuned model sig-
nificantly improves performance, with the highest success rate
(55.00%) achieved by the MOSAIC-COD module. All fine-
tuned models outperform their scratch-trained counterparts.
This supports the earlier observation regarding the importance
of the control module initialization. Indeed, with proper ini-
tialization, the fine-tuned model is better equipped to handle
variations in object placement during testing.

Finally, in the same training scenario, the MOSAIC base-
line fails to solve the task, even after fine-tuning. It cannot
reach any objects, sending the closing command before inter-
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Figure 4.6: An example of a collision with the target object.
This represents the most significant and relevant error mode in
the proposed real-world system. As observed, the COD module
successfully identifies both the target object and its intended
placement location. However, the control module fails to com-
plete the pick operation due to a collision.

acting with them. This behavior reflects the challenges in the
training dataset and highlights the importance of object pri-
ors in learning an effective control policy, especially with low-
quality data.

4.4 Conclusion

In conclusion, this chapter presented the experimental valida-
tion of the proposed methods in a real-world scenario. Both
the proposed detectors and control policies were tested in a
single-task multi-variation scenario.

Regarding the conditioned object detectors, it was observed
that the system successfully identified the target object even
when the video demonstration was provided by a simulated
robot, which had a different visual appearance compared to
the real robot. This highlights the strong potential of the pro-
posed method to generalize across different demonstrators and
environments, such as human demonstrators. Generally, the
patterns observed in the simulated environment were replicated
in the real-world tests, where the system consistently identified
the target object during the reaching phase but generated false
positives during the manipulation and placing phases. How-
ever, the drop in precision was more pronounced in the real-
world setting due to occlusions and inaccuracies in the auto-
mated bounding box generation process.

As for the control policies, the results demonstrated that
the proposed architectures were able to successfully complete
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tasks in real-world scenarios. The object conditioned control
policies consistently reached the target object, leading to suc-
cessful task completion. Across all variations of the proposed
method, an average reaching rate of 85.40% was achieved, com-
pared to 14.12% for the MOSAIC baseline. This indicates that
object priors can be effectively leveraged to simplify the control
problem, resulting in a policy that consistently reaches the tar-
get object, even when using a dataset with low-quality demon-
strations. In terms of overall success rate, the MOSAIC-COD
module achieved the highest rate of 55.00%. While this may
not seem particularly high, it is a promising result given the
challenging nature of the dataset, which contains fewer and
noisier trajectories compared to the simulated environment.
This result becomes even more significant when compared to
the MOSAIC baseline’s success rate of 0.00%.

Generally speaking, the most critical error observed in-
volves collisions with the target object. This type of error could
be significantly reduced by integrating additional exteroceptive
modalities, such as depth images from the gripper camera. In-
corporating this data would enable the system to better detect
the target object and avoid collisions during the picking phase,
which is expected to result in a substantial improvement in the
overall success rate.



Chapter 5

Graph Neural Network
for heuristic estimation

This chapter presents an initial exploration of how the capabil-
ities of the proposed system could be improved. The system, as
introduced, operates based on a control policy capable of han-
dling single-step tasks, meaning tasks that consist of a single
manipulation step. However, in real-world applications, tasks
are often more complex, involving multiple steps. For instance,
a task may require performing several pick-and-place opera-
tions, with the additional constraint that they must follow a
specified sequence. In traditional robotics, such problems are
classified as Planning Problems, where the objective is to pro-
duce a sequence of high-level actions that move the system
from an initial state to a desired goal state.

The primary idea for future work is to integrate planning
algorithms into the current framework. This would enable the
planning system to generate the high-level action sequence,
while the proposed OCCP module executes the corresponding
low-level actions, directing the robot to fulfill the tasks derived
from the high-level commands.

The purpose of this chapter is twofold: first, to review state-
of-the-art methods for solving planning problems, encompass-
ing both classical planning approaches and modern data-driven
techniques (Section 5.1); and second, to present preliminary
results that demonstrate the applicability of these methods
within the specific context of the system under discussion, with
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Figure 5.1: Proposed taxonomy for GNNs methods used in the
context of robotic learning.

a comparative analysis between these data-driven approaches
and traditional planning algorithms (Section 5.2).

5.1 Related Works

This section reviews prior research on applying Graph Neural
Networks (GNNs) to robot learning tasks. As shown in Fig-
ure 5.1, GNNs can be utilized in various ways, but they all
share a common principle: leveraging GNNs’ ability to explic-
itly model dynamic relationships between objects involved in
robotic manipulation. This capability to capture and repre-
sent object interactions is crucial for effective robotic percep-
tion, planning, and task execution, as these relationships often
dictate the complexity and success of manipulation tasks.

In general, most research has focused on solving task plan-
ning problems. According to classical literature [142], a task-
planning problem can be defined as a state-transition model
Π = (S,A, s0, G), where S is the set of states, A is the set of
actions, s0 is the initial state, and G is the goal state. Here,
an action a ∈ A is a function that maps a state s ∈ S to
a new state (successor) a(s), i.e., a : S → S. Essentially, a
plan is a sequence of actions Ä = a1, a2, . . . , an that enables the
system to transition from the initial state s0 to the goal state
sn = a(sn−1) = G. Various approaches have been proposed
to solve the problem of finding a plan given a specific initial
and goal state. These approaches either adhere to the classi-
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cal PDDL formalism [143], and thus fit within the traditional
planning framework, or introduce novel representations that do
not rely on PDDL to address the planning problem.

This review begins by examining methods that follow the
Classic Planning Formalism (Section 5.1.1), followed by a brief
discussion of novel approaches that do not use this kind of
formalism (Section 5.1.2).

5.1.1 Classic Planning Formalism

In this section, we will describe the methods that follow the
classic task-planning formalism. Before introducing the meth-
ods, it is crucial to define the formalism with a set of founda-
tional definitions.

Task-planning is a well-known problem that has been stud-
ied for many years. One of the most important formalization,
still widely used today, is STRIPS (Stanford Research Insti-
tute Problem Solver) [144], which was developed in the 70s.
STRIPS was initially an automated planning solver, but its pri-
mary contribution lies in its definition of a planning problem,
which has served as the foundation for much of the research in
subsequent decades.

According to the STRIPS formalism, a planning task is
defined as a tuple Π = (P,A, s0, G, c), where:

• P is a set of propositions (also called facts).

• A is a set of actions.

• A state s is a subset of predicates, s ¦ P , where s0 is the
initial state,

• G ¦ s represents the goal conditions.

• c : A← R is the cost function, which assign to an action
a ∈ A a real-value, c(a) representing the cost of perform-
ing a given action.

An action a ∈ A is defined as a tuple a = (pre(a), add(a), del(a)),
where pre(a), add(a), del(a) ¦ P , with the constraint that add(a)∩
del(a) = ∅.
These represent:
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• pre(a): the preconditions (i.e., predicates that must be
true to perform the action).

• add(a): the added conditions (i.e., predicates that be-
come true after the action is executed).

• del(a): the deleted conditions (i.e., predicates that be-
come false after the action is executed).

According to this formalism, an action is applicable in a
state s if pre(a) ¦ s, and it results in the successor state s′ =
(s \ del(a)) ∪ add(a).

Building on these foundational concepts, the Planning
Domain Definition Language (PDDL) was introduced in
the 90s [143]. PDDL is a human-readable format for describ-
ing automated planning problems. It allows for the description
of possible world states, a set of available actions (each with
its prerequisites and effects), an initial state, and a specific set
of desired goals.

PDDL separates the model of a planning problem into two
main components:

1. The domain description, which defines the elements that
are common across all problems within a given domain.

2. The problem description, which specifies the specific plan-
ning problem, including the initial state and the goals to
be achieved.

Figure 5.2 provides examples of domain and problem defini-
tions for the Blocks-World environment. As shown, when using
the PDDL formalism, it is essential to fully define the elements
of the world (e.g., blocks), the available actions (e.g., pick-up),
along with their corresponding preconditions (i.e., predicates
that must be true for the action to be executed) and postcondi-
tions (i.e., the effects of the actions). In the problem definition,
specific instances of objects in the environment are specified,
along with the initial state and goal state, both of which are
defined based on the predicates available in the domain defini-
tion.

Once the problem is defined using the PDDL formalism, a
complete parameterized instance must be specified to obtain a
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Figure 5.2: (Left) Example of a domain definition for the
Blocks-World, specifying the predicates and actions available
in the environment. (Right) Example of a problem definition
for the domain, where a specific instance of the problem is
defined, including object instances, the initial state, and the
desired goal state.

solution to the planning problem. This involves solving what
is known as the grounding problem. During this process, all
predicate and action variables must be instantiated with the
objects defined in the problem. For instance, in the example
shown in Figure 5.2, the variable x is replaced with objects b1,
b2, and b3 from the problem definition, leading to a complete
enumeration of all predicates and actions. The result of this
process is known as the Grounded Planning Problem, which
follows the same formalism as the STRIPS representation de-
scribed earlier.

The grounded problem then serves as input for planning
algorithms, such as the well-known Fast Downward [145] or
LAMA [146]. While a detailed discussion of these algorithms
is beyond the scope of this section, it is important to note that
they are essentially search algorithms. Given a state-space rep-
resented as a graph, derived from the Grounded STRIPS repre-
sentation, these algorithms compute the (estimated) shortest
path from the source node (representing the initial state) to
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the target node (representing the goal state).
The limitations of these approaches have been well-known

for a long time. Specifically, these algorithms do not scale
well as the size of the problem (in terms of actions, predicates,
and objects) increases. There are two main areas where higher
problem dimensionality can cause performance issues:

1. Search Phase. As the dimensionality of the problem in-
creases, the state-space expands correspondingly. This
increases the time required to explore the state-space and
find a solution path.

2. Grounding Problem. As the problem dimensionality grows,
the time needed to generate a complete enumeration of
all object combinations grows exponentially.

To address the first issue, research has focused on devel-
oping methods to accelerate the search phase by introducing
heuristics that guide the search more efficiently toward the
goal state. For the second issue, literature has proposed meth-
ods that perform partial grounding, focusing on the action in-
stances most relevant to the specific problem instance. Exam-
ples of these methods will be discussed in the following two
paragraphs.

Here, a heuristic is a function h : S → R, which maps a
state s ∈ S to a real value h(s), representing an estimate of
the cost to reach the goal state from the state s. The optimal
heuristic, denoted h∗(s), is the heuristic that gives the exact
cost of the optimal plan to reach a goal state from s. A heuristic
is considered admissible if it never overestimates the actual
cost, i.e., h(s) f h∗(s), ∀s ∈ S. By utilizing the heuristic cost,
a search algorithm can focus on exploring the most promising
states instead of performing an exhaustive search of the entire
state space.

In the context of task planning, a common heuristic is com-
puted by solving the Relaxed-STRIPS problem. This is a
simplified version of the STRIPS problem, where the delete
conditions (del) are ignored, i.e., an action a is represented as
a = (pre(a), add(a), ∅). The Relaxed-STRIPS problem is eas-
ier to solve because removing the del conditions relaxes some
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of the constraints, allowing the state to include predicates that
logically cannot be true simultaneously. By solving this relaxed
problem, an estimated cost for reaching the goal from a given
state can be computed. This approach has been used in well-
known algorithms such as Fast-Downward [145] and combined
with novel heuristics in LAMA [146].

Heuristic Estimation
In this paragraph the methods that propose GNN for comput-
ing heuristics estimation through the usage of GNNs are dis-
cussed. Specifically, the review will focus on two recent works
[147, 148].

The first remarkable work towards the use of GNN for
heuristic estimation was proposed by authors of [147]. Here,
authors started from the idea to leverage data-driven approaches
to learn a heuristic function, and explore the possibility of such
methods to generalize to different cardinalities and problems,
and comparing the performance of such methods with classic
heuristic functions.

The first step to solve this problem is related to the def-
inition of the input. Specifically, the authors started by the
Relaxed-STRIPS formulation. The STRIPS problem can be
easily formulated as a graph if the following observations are
done:

• A node can be defined as a predicate, which can be either
a pre-condition or an added condition.

• The edge is represented by the action that connects the
pre-conditions to the added-conditions.

Figure 5.3 illustrates the mapping of predicates and actions to
graph nodes and edges. As can be observed, an action con-
nects multiple nodes. To model this, the authors use a gen-
eralized graph structure known as a hypergraph. Formally, a
hypergraph is defined as a triple G = (u, V, E), where V =
{vi : i ∈ {1, 2, . . . , N

v}} is the set of N v vertices, and E =
{(ek, Rk, Sk) : k ∈ {1, 2, . . . , N

e}} is the set of N e hyper-edges.
In this structure, Rk is the receiver set, containing the indices
of the nodes for which the k-th edge acts as an incoming edge,
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Figure 5.3: Example of nodes and edges definition in [147]. The
hyper-edge represents an action that connects multiple nodes.
The sending nodes are preconditions, while the receiver nodes
are the effects.

Figure 5.4: Architecture of the STRIPS-HGNmodel [147]. The
model is composed of three main components: the encoder, the
hyper-graph network, and the decoder. The encoder processes
the input graph, generating a first hidden graph representation.
The HGN implements the message passing mechanism, updat-
ing the hidden graph representation. The decoder generates
the output graph, which global value represents the predicted
heuristic.

and Sk is the sender set, containing the indices of the nodes
for which the k-th edge acts as an outgoing edge. Then, vi is
the node embedding, which has been implemented as a binary-
vector vi = [xs, xg], where xs, xg ∈ {0, 1}. xs = 1 iff the
i-th predicate is true in the state s and xg = 1 iff the pred-
icate is true in the goal-state. While, ek is the edge embed-
ding, ek = [c(ak), |Pre(ak)|, |Add(ak)|], where c(ak) is the cost
of the operator, |Pre(ak)| is the number of pre-condition and
|Add(ak)| is the number of added condition.

Once the graph structure has been defined, the module that
processes this input can be described. Specifically, the authors
propose leveraging the concept behind the Interaction Network
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Figure 5.5: Computational flow of the STRIPS-HGN model
[147], consisting of three main blocks: Encoding, Core, and
Decoding. The Encoding Block generates initial hidden rep-
resentations for both node and edge embeddings. The Core
Block implements the message-passing mechanism, updating
the hidden representations of nodes, edges, and global embed-
dings. Finally, the Decoding Block generates the output graph,
where the global embedding represents the predicted heuristic
value.

[149]. The architecture, depicted in Figure 5.4, implements the
computational flow shown in Figure 5.5, and can be divided
into the following three steps.

1. The Encoding Block consists of two functions, ϕe and ϕv,
both implemented as Multi-Layer Perceptrons (MLPs).
These functions transform the initial binary inputs into
higher-dimensional representations, specifically, ϕe(ej) pro-
duces e0hid and ϕ

v(vi) produces v
0
hid, where both e0hid and

v0hid ∈ R
32. This step expands the original binary vectors

(of size 2 or 3) into 32-dimensional vectors.

2. The Core Block implements the Message-Passing Itera-
tive Procedure and is divided into the following steps:

(a) Edge Block. For each edge (representing an action),
et−1
hid,j is generated by concatenating the embeddings
of the receiver and sender nodes associated with the
edge. An MLP encoder is then applied to this con-
catenated information to create a new edge repre-
sentation ethid,j.

(b) Node Block. Similar to the Interaction Network,
only the receiver nodes’ states are updated. The
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edge information influencing each receiver is aggre-
gated by summing the embeddings of the incom-
ing edges using the function Äe→v. The node in-
put is constructed by concatenating the incoming
edge embeddings ethid,j, the initial node embedding

v0hid,i, and the previous node state vt−1
hid,i. This con-

catenated input is then passed through an MLP to
generate the updated node representation vthid,i.

(c) Global Block. This block updates the global graph
representation by aggregating both node and edge
embeddings using the functions Äe→u and Äv→u, re-
spectively. The aggregated information is passed
through an MLP to produce the new global graph
representation.

3. The Decoding Block acts as a decoder, implemented as
an MLP. It takes the updated global graph representation
as input and generates a heuristic value for a given state,
aiding in the decision-making process.

The operations in the core block are repeated for M iter-
ations, where M = 10 in this work. The system is trained by
minimizing the loss function defined in Equation 5.1. Here,
h∗(s) represents the ground truth heuristic value for state s,
obtained by solving the training planning problem with a clas-
sical planning algorithm.

Lθ(B) =
1

|B|

∑

(G,h∗(s))∈B

1

M

∑

t∈{1,...,M}

(

hθt (G)− h
∗(s)

)2
(5.1)

Interesting results were obtained during the experiments.
Notably, the system demonstrated the ability to learn both
domain-dependent heuristics (when tested on the same domain
it was trained on) and domain-independent heuristics (when
tested on a different domain). This shows that the trained
GNN was capable of generating meaningful heuristic values
that could be effectively used by search algorithms like A*.
However, a general drawback of this approach is the time re-
quired to compute the heuristic, particularly when the model
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is run on a CPU instead of a GPU, which significantly impacts
performance.

The development of such work was proposed by [148]. In
this work, the authors conducted a comprehensive analysis of
learned heuristics in relation to problem representation. Specif-
ically, they introduced three distinct representations for the
planning problem:

• STRIPS Learning Graph (SLG). This is a graph con-
structed from the STRIPS representation. Compared to
the representation used in [147], the main improvement
lies in the use of labeled edges, which can now represent
all edge types, namely, preconditions, added conditions,
and deleted conditions.

• Finite Domain Representation Learning Graph (FLG).
This graph is built from the Finite Domain Representa-
tion. In this framework, nodes represent both facts (tu-
ples of state variables vi and values d ∈ Dv) and actions,
while edges represent the relationships between facts and
actions, such as preconditions and effects.

• Lifted Learning Graph (LLG). This representation avoids
the grounding phase entirely. To achieve this, the authors
proposed a schema consisting of two main components:
the Action Schema and the Instance Subgraph. The Ac-
tion Schema encodes domain-specific information, where
nodes represent predicates, argument indices, and vari-
ables. The Instance Subgraph encodes specific informa-
tion about the current state and goal state, where nodes
represent predicates, states, goal arguments, and objects.

Using these representations, the authors trained a GNN ar-
chitecture to learn the heuristic function across three different
representations. The results demonstrated that the proposed
method could learn both domain dependent and domain in-
dependent heuristics. However, when analyzing the coverage
performance, i.e., the number of problems solved within a 10-
minute timeout, it became clear that performance varied sig-
nificantly across problem domains. The classic feed-forward
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heuristic outperformed the GNN-based heuristic in 3 out of
8 domains, while the GNN-based heuristic outperformed the
feed-forward heuristic in 4 out of 8 domains. One domain
showed equal performance between the two approaches. No-
tably, the GNN-based heuristic struggled with domain inde-
pendent test scenarios, indicating that the model did not gen-
eralize well to unseen domains. This limitation is a significant
drawback, as a key assumption behind the use of GNNs, or
data-driven approaches in general, is their ability to generalize
to novel scenarios.

Grounding Problem
As stated earlier, one of the preliminary challenges to address
before running the search algorithm is the Grounding Problem,
which involves computing all valid instantiations that assign
objects to the arguments of predicates and action parameters.

It is important to note that the size of the grounded task
grows exponentially with the number of arguments in the pred-
icates and action schemas. Although grounding can be com-
puted in polynomial time and remains constant within a do-
main, it becomes prohibitive when the number of objects is
large or when predicates/actions have many parameters. This
issue is especially problematic in open multi-task environments,
where many objects exist but only a few are relevant to the
task.

The authors in [150] build upon these observations and pro-
pose an algorithm that performs partial grounding. The main
idea of this approach is to focus on the action instances most
relevant to the specific problem. In this context, the challenge
lies in how to identify and select the most relevant actions for
grounding. To address this, a priority function, f : O → [0, 1],
is learned, where O is the set of all operators, and f(o) repre-
sents the priority of operator o ∈ O.

This priority function is learned using a supervised learning
approach, with the training dataset defined as
D =

{

s0, G,Σ
O, o, {0, 1}

}

. Here, s0 is the initial state, G is the
goal state, ΣO is the set of objects, o ∈ O is the operator, and
{0, 1} is the label, where 1 indicates that the operator is part
of an optimal path, and 0 otherwise.
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The authors trained a Support Vector Regression (SVR)
model, representing the operators with Relational Rules (RR).
Each operator is associated with a set of rules that are instan-
tiated by grounding the operator’s variables. The operator is
then represented by a binary feature vector, where each ele-
ment corresponds to a rule, with a value of 1 if the rule is
satisfied, and 0 otherwise. The SVR is trained to predict the
priority of an operator based on its binary feature vector.

The system was evaluated on problems where the size of
grounded instances grows cubically with respect to the param-
eters of the generator, resulting in large instances that are diffi-
cult to fully ground. The model was trained on smaller problem
instances, where full grounding could be computed in a reason-
able time. During testing, the model was evaluated on larger
instances. Results showed that the learned partial-grounding
approach using SVR-RR was able to solve 255 out of 313 prob-
lems, outperforming the fully grounded approach, which solved
only 156 out of 313 problems.

However, no discussion on the quality of the generated plans
was provided. In fact, an evolution of these methods was pro-
posed at the ICAPS 2023 Planning Competition [151]. Results
from the competition, however, revealed that these learning-
based methods are still significantly behind classical grounding
methods, both in terms of optimality and computation time.

5.1.2 Alternative Formalism

This section discusses methods that do not rely on classical
planning but instead use a graph-based environment represen-
tation, where nodes represent objects and edges denote rela-
tionships or possible actions. This structure allows Graph Neu-
ral Networks to process the graph and select the next high-level
action for the robot. The following paragraphs explore differ-
ent environment representations and how the network’s output
is translated into robot actions.

Geometric Graph
This section explores methods based on the concept of the Ge-
ometric Graph. In its initial formulation [152], a Geometric
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Figure 5.6: Computation flow in a scene represented by a Ge-
ometric Graph. Object nodes (oi) and goal nodes (gi) are cre-
ated, with edges connecting them based on spatial and seman-
tic relationships. A GNN classifies the nodes, selecting one
object node and one goal node. These nodes are then passed
as input to a motion primitive, which generates the necessary
actions to move the selected object towards the target goal.

Graph is a scene representation where nodes correspond to
task-relevant entities, such as objects and their target posi-
tions. A fully connected graph is constructed by linking two
types of nodes: object nodes, which represent current instances
of objects with their positions as attributes, and goal nodes,
which represent the desired final positions of these objects, also
characterized by spatial attributes.

Using this representation, a GNN can be trained to perform
node classification. At each step, an object node and a goal
node are selected, representing the object to move and its tar-
get position. With these selections, a pick-and-place primitive
can be executed. An example of this inference process is shown
in Figure 5.6.

A similar approach is presented in [153], where two GNNs
are trained separately to classify an object node and a goal
node.

While these methods are noteworthy because they can solve
multi-step tasks through supervised learning without relying
on a planning algorithm, they have significant limitations. The
most notable is their dependency on knowing both the current
and target positions of the objects. In these early studies, such
information is provided either by the simulation environment
or by using special markers on objects in real-world settings to
facilitate position estimation.

To address these limitations, the authors in [154] extended
the Geometric Graph concept and proposed a new represen-
tation called the Symbolic Scene Graph. In this framework, a
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Figure 5.7: Example of a Symbolic Scene Graph. The graph is
constructed by extracting objects from the scene and adding
edges based on predefined relationships.

3D Object Pose Estimation module is used to extract objects
from the scene, constructing a geometric graph. Edges are then
added based on predefined relationships (e.g., “can1 on shelf
A”, as illustrated in Figure 5.7). The next step in the planning
process is determined using a Neuro-Symbolic Task Planning
module [155], which takes the current Symbolic Scene Graph
and the goal (expressed as desired predicates, i.e., relationships
between objects) as input. This module outputs the next ac-
tion, expressed as a subgoal achievable with a single motion
primitive.

While this method showed promising results, including re-
duced computation times compared to the PDDLStream [156]
baseline, it has limitations. The primary challenge lies in the
cognitive module, which relies on 3D object pose estimation.
This technique is only robust and reliable when used with pre-
known objects.

Conjugate Task Graph
The Conjugate Task Graph (CTG) [157] addresses challenges
in constructing traditional Task Graphs, where nodes represent
states and edges represent transitions. For novel tasks, map-
ping states to new nodes is often infeasible. In contrast, the
CTG uses nodes to represent actions, with edges implicitly rep-
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Figure 5.8: Conjugate Task Graph representation. Starting
from the video demonstration, the sequence of actions is ex-
tracted and used to construct the initial graph. Then the com-
plete Conjugate Task Graph is built by predicting the missing
edges, which represents possible actions sequences observed in
the training set.

resenting states and their preconditions (Figure 5.8). Based
on this representation, and assuming all possible actions have
been observed in the training set, it is possible to build and
train a modular architecture composed of the following com-
ponents:

• Demo Interpreter : A Convolutional Neural Network
trained to extract the sequence of actions performed by
a robot from a given demonstration. This sequence of
actions is used to construct an initial graph.

• Graph Completion: A Graph Neural Network trained to
complete the graph produced by the Demo Interpreter.
This module predicts the missing edges in the graph, rep-
resenting unseen transitions between actions.

• Node Localization: A Multi-Layer Perceptron that, given
the current observation’s encoding and the embeddings of
the nodes in the graph, predicts the node corresponding
to the action the robot is currently performing.
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• Edge Localization: Another MLP that, given the cur-
rent observation’s encoding and the node embeddings,
predicts the edge representing the next transition and,
consequently, the next action the robot should take.

The complete architecture was trained end-to-end, and ex-
perimental results demonstrate its effectiveness in multi-step
tasks, such as object ordering and stacking. The CTG repre-
sentation enables the policy to generalize to novel sequences of
actions, making it particularly well-suited for tasks like object
ordering.

However, this approach fails to generate valid paths when
the demonstration includes out-of-distribution observations, pro-
duced by sequences of actions that were never encountered in
the training set. Additionally, experimental results reveal that
this method struggles to perform tasks requiring more than
6 steps. This limitation arises mainly from the Demo Inter-
preter module, which must generate long action sequences to
instantiate the CTG.

In conclusion, with respect to the discussed method, the
goal of this chapter is to evaluate and assess the feasibility
of using data-driven methods for heuristic estimation within a
specific domain of interest. This evaluation aims to explore the
potential of leveraging such methods in future works, where
integrating low-level policies within high-level planning tasks
could enable generalization to multi-step tasks.

5.2 Experimental Results

This section presents preliminary results aimed at evaluating
the performance and limitations of using GNNs for learning
heuristics, specifically through the STRIPS-HGN method pro-
posed in [147].

The method was tested in the well-known BlockWorld do-
main [158]. This domain consists of a single object type, the
block. This domain contains five predicates, and four actions
that are listed below:

• On: True if block x is on block y.
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• On-Table: True if block x is on the table.

• Clear : True if block x has no object on top, making it
available for manipulation.

• Handempty : True if the robotic gripper is not holding
any object.

• Holding : True if the robotic gripper is holding block x.

• Pick-Up: Picks up block x if it is clear, on the table, and
the gripper is empty.

• Put-Down: Places the block currently held by the gripper
onto the table.

• Stack : Stacks block x (held by the gripper) onto a clear
block y.

• Unstack : Removes block x from on top of block y (if
block x is clear) and picks it up with the gripper.

For the experiments, 50 problem instances of varying com-
plexity were generated, with complexity measured by the num-
ber of blocks, ranging from 3 to 15. The STRIPS-HGN was
trained on a subset of problems with block counts between 5
and 10. Testing was conducted in two scenarios:

• In-Training Distribution. The model was tested on new
problems with complexities within the same range as the
training data.

• Out-of-Training Distribution. The model was tested on
problems with unseen complexities (3, 4, 11, 12, 13, and
15 blocks).

The ground-truth heuristic (h∗) was computed by solving
each problem instance using the Scorpion planning solver [159],
in a configuration that ensure the optimality of the solution. In
this case, the heuristic is represented as the number of actions
needed to reach the goal state from the initial state.

The STRIPS-HGN performance was compared against sev-
eral classic heuristics, including: hmax, an admissible heuristic;
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hadd, a generally faster heuristic; LM − cut [146], a heuristic
offering a balance between path optimality and speed. The
STRIPS-HGN was also compared against itself with different
numbers of refining steps (1, 5, and 10).

Moreover, different metrics have been proposed to compare
the different algorithms. Specifically, the algorithms are com-
pared with respect to:

• Number of expanded nodes, this measures the number of
nodes that are traversed during the exploration of the
state-space in order to find a given solution. This num-
ber is accumulated over the different problems of a given
complexity, then the average and standard deviation is
computed.

• Search time, this measures the time needed for the algo-
rithm to return a valid solution. This number is accumu-
lated over the different problems of a given complexity,
then the average and standard deviation is computed.

• Plan length, this measures the number of actions that are
needed to reach a solution. This number is accumulated
over the different problems of a given complexity, then
the average and standard deviation is computed.

• Ratio of solution found, this measures the ratio of num-
ber of times the search algorithm with a given heuristic
returns a solution before a timeout of 5 minutes over all
the number of problems.

In-Training Distribution Generalization
The first generalization test performed was related to the In-
Training Distribution Generalization. This means that the al-
gorithms are tested on 10 novel problem instances for each
problem complexity. The first results are related to the num-
ber of solution found, reported in Table 5.1. It can be noted
how most of the heuristics are able to completely return a so-
lution in the given timeout. This does not happen for the
admissible heuristic hmax, which starts to not return a valid
solution, starting from the complexity of 9 boxes.
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Table 5.1: Comparison of “ratio of solution found” on
BlocksWorld domain across different complexities (Comp.).
The table presents the results for hmax, hadd, LM − cut, and
Strips-HGN with 1, 5, and 10 steps.

Comp. hmax hadd LM− cut Strips−HGN1 Strips−HGN5 Strips−HGN10

5 1.00 1.00 1.00 1.00 1.00 1.00
6 1.00 1.00 1.00 1.00 1.00 1.00
7 1.00 1.00 1.00 1.00 1.00 1.00
8 1.00 1.00 1.00 1.00 1.00 1.00
9 0.00 1.00 1.00 1.00 1.00 1.00
10 0.10 1.00 0.9 1.00 1.00 1.00

To provide more insight into the generalization capabilities
of STRIPS-HGN with respect to the training distribution, Ta-
bles 5.2, 5.3, 5.4, report key metrics, including search time,
plan length, respectively, and the number of expanded nodes.

In terms of search time (Table 5.2), STRIPS−HGN1 out-
performs the admissible heuristic hmax and the trade-off heuris-
tic LM−cut for complexities above 7. The only heuristic faster
than STRIPS-HGN is hadd, known for its speed. However, this
comes at the expense of longer paths, as STRIPS-HGN variants
generate shorter paths on average (Table 5.3). For complexi-
ties 9 and 10, the learned heuristics produce paths averaging
around 23, while hadd generates paths averaging 26.

It is particularly noteworthy that the learned heuristics
not only generate shorter paths but also achieve this while
performing less state-space exploration. Results in Table 5.4
demonstrate that STRIPS-HGN can generate a valid path us-
ing a significantly smaller number of nodes compared to tra-

Table 5.2: Mean and standard deviation of “search time” on
the BlocksWorld domain across different complexities (Comp.).
The table presents the results for hmax, hadd, LM − cut, and
Strips-HGN with 1, 5, and 10 steps.

Comp. hmax hadd

LM-
cut

Strips-
HGN1

Strips-
HGN5

Strips-
HGN10

5 0.05± 0.05 0.01± 0.01 0.05± 0.06 0.13± 0.08 0.31± 0.10 0.57± 0.20
6 0.53± 0.31 0.04± 0.02 0.18± 0.13 0.20± 0.07 0.56± 0.24 1.05± 0.41
7 4.10± 2.99 0.08± 0.03 0.58± 0.62 0.36± 0.18 1.04± 0.55 1.74± 0.97
8 95.44± 53.45 0.34± 0.19 5.94± 6.98 1.68± 1.55 5.52± 4.60 9.73± 8.03
9 300.00± 0.00 0.88± 0.47 13.10± 18.61 1.79± 1.44 2.10± 1.06 4.11± 2.28
10 289.29± 32.15 1.44± 1.14 69.89± 114.03 4.79± 5.35 8.90± 13.89 11.05± 14.90
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ditional heuristics. This advantage becomes especially evident
at a complexity of 10 boxes, where STRIPS − HGN10 re-
quires an average of only 95.70 nodes to produce a valid path,
compared to the 366.20 nodes needed by the hadd heuristic.
This represents a substantial improvement over other heuris-
tics, which typically need to expand a far greater number of
nodes to achieve comparable results.

Overall, the ability of the learned heuristics to produce
shorter paths with fewer node expansions is a promising find-
ing. It suggests that these heuristics are more efficient at ex-
ploring the state-space than traditional methods. The learned
node representations can effectively guide the search algorithm
toward the most relevant nodes, reducing the need to explore
a large portion of the state-space to identify a valid path. This
highlights the significant potential of learned heuristics for use
in path-planning problems.
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Table 5.5: Comparison of “ratio of solution found” on
BlocksWorld domain in out-of-training distribution scenario.
The table presents the results for hmax, hadd, LM − cut, and
Strips-HGN with 1, 5, and 10 steps.

Comp. hmax hadd LM− cut Strips−HGN1 Strips−HGN5 Strips−HGN10

3 1.00 1.00 1.00 1.00 1.00 1.00
4 1.00 1.00 1.00 1.00 1.00 1.00
11 0.00 1.00 0.76 0.98 0.98 0.98
12 0.00 1.00 0.46 0.92 0.96 0.90
13 0.00 1.00 0.36 0.84 0.82 0.72
14 0.00 1.00 0.2 0.62 0.48 0.60
15 0.00 0.98 0.10 0.48 0.02 0.08

Out-of-Training Distribution Generalization
In the second step, we evaluated the generalization capabilities
of the STRIPS-HGN on problem instances with complexities
outside the training distribution. For each task complexity, we
considered 50 problem instances. The results are summarized
in Table 5.5.

As shown in Table 5.5, STRIPS-HGN exhibits weaker gen-
eralization capabilities compared to the hadd heuristic, which
consistently returns valid solutions in most cases. Among the
STRIPS-HGN variants, only STRIPS − HGN1 consistently
produces a reasonable number of valid solutions across all com-
plexities, achieving a success ratio of 0.48 for the complexity
involving 15 boxes. However, this performance is notably lower
than the hadd heuristic, which achieves a success ratio of 0.98.

To assess whether this behavior stems from overfitting to
optimal solutions, we trained a STRIPS-HGN variant using
suboptimal heuristics from the Scorpion solver with a non-
optimal configuration. The results are shown in Table 5.6.
Comparing STRIPS − HGN1 performance in Table 5.5 and
Table 5.6 reveals that the model trained with suboptimal heuris-
tics generalizes better to unseen complexities. Notably, for the
15-box complexity, the success rate increases to 0.82, compared
to 0.48 for the model trained with optimal heuristics.

To further evaluate the quality of STRIPS-HGN, a com-
parison between average plan length and search time was con-
ducted between hadd and STRIPS −HGN1. Specifically, the
problems considered are those that the optimally-trained
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Table 5.6: Comparison of “ratio of solution found” on
BlocksWorld domain in out-of-training distribution scenario.
Here the STRIPS-HGN is trained with suboptimal heuristics.

Comp. Strips−HGN1 Strips−HGN5 Strips−HGN10

3 1.00 1.00 1.00
4 1.00 1.00 1.00
11 1.00 1.00 1.00
12 1.00 1.00 0.98
13 1.00 0.82 0.76
14 0.96 0.06 0.00
15 0.82 0.00 0.00

Table 5.7: Mean and standard deviation of “search time” on
the BlocksWorld domain across different complexities. The
table presents the results for hadd, Strips−HGN1 trained with
optimal-heuristic (Opt) and non-optimal-heuristic (No-Opt).

Comp. hadd

Strips−HGN1

(Opt)
Strips−HGN1

(No-Opt)

3 0.001± 0.001 0.027± 0.015 0.027± 0.015
4 0.004± 0.002 0.070± 0.033 0.049± 0.034
11 3.906± 5.127 15.819± 31.468 5.235± 19.507
12 4.573± 4.081 48.437± 70.469 15.426± 42.410
13 13.592± 19.182 52.113± 77.722 21.928± 52.409
14 50.439± 63.253 45.355± 66.579 24.637± 54.752
15 29.362± 40.305 65.405± 69.246 27.988± 57.192

STRIPS −HGN1 was able to solve.

As observed in Table 5.7, the baseline heuristic hadd is gen-
erally faster than the learned heuristic across 5 out of 7 com-
plexities. However, at higher complexities, specifically with
14 and 15 blocks, the learned heuristic becomes faster than
the baseline. It is particularly noteworthy that the heuris-
tic learned with non-optimal heuristics outperforms both the
baseline heuristic and the optimally-trained learned heuristic
at these higher complexities.

Regarding plan length, as shown in Table 5.8, both learned
heuristics generally produce shorter plans compared to the
baseline. Moreover, the heuristic trained on non-optimal heuris-
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Table 5.8: Mean and standard deviation of “path length” on
the BlocksWorld domain across different complexities. The
table presents the results for hadd, Strips−HGN1 trained with
optimal heuristic (Opt) and non-optimal heuristic (No-Opt).

Comp. hadd

Strips−HGN1

(Opt)
Strips−HGN1

(No-Opt)

3 4.72± 2.55 4.72± 2.55 4.72± 2.55
4 7.84± 2.56 7.84± 2.56 6.28± 2.99
11 31.06± 4.18 25.63± 3.95 12.64± 9.69
12 33.48± 5.68 28.87± 4.29 16.47± 11.11
13 37.86± 4.37 30.67± 3.40 18.99± 11.53
14 42.90± 4.60 33.55± 3.89 20.67± 11.88
15 44.17± 5.44 35.25± 4.16 21.87± 12.12

tics consistently generates shorter paths than the optimally-
trained heuristic.

These findings highlight the potential of learned heuristics
to generalize better to novel problem complexities and to scale
more effectively as the dimensionality of the problem increases.
In general, the results align with the literature discussed in
Section 5.1. However, further work is necessary to optimize the
inference process of these methods, as their primary limitation
remains the computational cost of inference, as demonstrated
by the results.

5.3 Conclusions

In conclusion, this section has evaluated the potential of us-
ing data-driven methods for heuristic estimation within a spe-
cific domain of interest. The results indicate that it is fea-
sible to learn effective heuristic values by leveraging learning
algorithms and architectures such as Graph Neural Networks
(GNNs), which can model relationships between objects more
effectively.

However, for these methods to be fully integrated into a
framework that generalizes to multi-step tasks, further research
is necessary. Specifically, a crucial next step is the development



5.3. Conclusions 173

of a robust perception system capable of dynamically iden-
tifying objects in the environment, thus removing the need for
prior knowledge about them.

Once the current state of the environment is obtained, the
corresponding PDDL (Planning Domain Definition Language)
problem can be formulated, allowing the use of classical plan-
ning techniques. However, as noted in Section 5.2, the learned
heuristics have shown promise. In particular, within the in-
training distribution scenario, the learned heuristic
outperformed well-established heuristics like hmax and LM −
cut in terms of nodes expanded and search time. While it did
not surpass the faster hadd heuristic in search time, it generated
shorter plans.

In the out-of-training distribution scenario, however, the
learned heuristics faced challenges in generating valid plans
within the 5-minute timeout, underscoring the need for further
research to enhance both the generalization capabilities of these
heuristics and the overall performance of the algorithm.

Moreover, while these data-driven algorithms have demon-
strated promising capabilities in solving planning problems,
two key questions arise within the context of interest:

1. Given the initial image of the robot workspace, how can
we generate the corresponding PDDL description? This
description needs to include not only the object instances
(e.g., table, red-box, blue-box) but also the relationships
between these objects, such as their spatial arrangement
and any relevant properties or interactions.

2. Given the initial state representation, how can we gen-
erate the desired goal-state, which is typically defined
through a video demonstration? The challenge lies in in-
terpreting the video to identify the goal configuration of
the workspace, and translating this into a formal repre-
sentation compatible with the planning system.

To address these questions and effectively extend the pro-
posed methods to handle multi-step tasks, it is necessary to
integrate robust mechanisms for object recognition, state rep-
resentation, and goal specification. This will enable the system
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to not only understand the current state of the environment but
also plan and execute sequences of actions to reach the desired
goal state.



Chapter 6

Conclusions

In conclusion, this thesis is framed in the context of Learning
from Demonstration, a supervised learning problem that lever-
ages data-driven methods to learn control functions, enabling
robots to perform tasks. Section 1.2 explores the formulation
of the learning problem, addressing all its aspects, from the
mathematical foundations to the techniques used for data col-
lection (Section 1.2.1), and concludes with a comprehensive
taxonomy of how this problem has been addressed in the lit-
erature (Section 1.2.3). From this analysis, it is clear that
the current methodologies do not lead to a “general-purpose”
robotic platform. Instead, the learned policies are typically
limited to controlling the robot for the specific task on which
they were trained, with limited generalization capabilities to
different initial configurations of known objects. This limita-
tion prevents a human operator from commanding the robot to
perform arbitrary tasks, a highly desirable feature in agile and
user-friendly robotic platforms, especially in modern industrial
collaborative environments.

For this reason, this thesis addresses the problem of Multi-
Task Imitation Learning (Section 3.1.1), where a policy is
learned to perform multiple variations of a given task, as well
as multiple distinct tasks. The policy also incorporates the
capability to select, at runtime, the desired task to execute, ei-
ther through commands based on textual prompts or by using
videos of other agents performing the desired task in differ-
ent configurations. Among these two modalities, the thesis
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focuses on Video-Conditioned Multi-Task Imitation Learning,
which aims to train control policies where the desired task is
specified via video demonstrations of other agents completing
the task.

Specifically, in this thesis a different approach to the prob-
lem is leveraged. Indeed, started from the consideration that
in the Multi-Task scenario there are two main problems to
be solved, one related to the command analysis and un-
derstanding, which can be seen as a cognitive-problem, where
starting from the current observation of the scene and the com-
mand, the system must be able to understand the task intent
by localizing for example the objects of interest, and the sec-
ond related to the action generation, which can be seen as
a control-problem, where starting from the current agent state
and the information coming from the command analysis, must
generate the correct action towards the task completion. Based
on these considerations, an intuitive way to model the problem
is through a modular system, however all the state-of-the-art
methods proposed in literature for the problem in hand are
based on end-to-end architectures (Section 3.1), which means
that models starting from high-dimensional inputs (images),
are converted into low-level actions, generally the pose of the
robot’s end-effector with respect to some fixed reference frame.

In the state-of-the-art methods’ validation (Section 3.4.2)
it was observed how the SoTA end-to-end architectures are
able to generate valid and reasonable trajectories, however
they complete the task by manipulating the wrong object, this
means that the Backbone Module is not able to inform the
Control Module with the position of the target object. Indeed,
it was observed that by performing just 2 ground truth actions
(e.g., actions generated through a hand-written control with
access to ground state information), the success-rate improved
in a considerable way.

For this reason the problem of Conditioned Object Detection
has been formulated and proposed in Chapter 2, where a con-
ditioned convolutional neural network has been proposed with
the ability to generate category agnostic bounding-boxes that
given in input the current agent observation and the command
is able to localize the objects of interest (e.g., the box to ma-
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nipulate as well as the bin where place the object). This mod-
ule was experimental tested in a simulated environment both
in a Single-Task Multi-Variation and in a Multi-Task Multi-
Variation, and it was observed how the proposed module is
actually able to identify the locations of the objects of interest
with a high precision, considering that the lowest average IoU
is equal to 0.563.

Once the COD module was validated and tested, it was
integrated into the SoTA framework to validate the hypoth-
esis that solving the localization problem with a dedicated
module can reduce the object misidentification problem,
thereby improving both the overall success rate and the sys-
tem’s interpretability. The generated bounding box provides
information about where the robot is going to move. Specifi-
cally, two modules were proposed and tested: MOSAIC-CTOD
and MOSAIC-COD. The first module integrates the CTOD
module (Section 2.4.2.1), which detects only the target object,
while the second module integrates the COD module (Section
2.4.2.2), which detects both the target object and the final lo-
cation of interest.

These modules were tested in both single-task
multi-variation scenarios and multi-task multi-variation sce-
narios. The results, described in Section 3.4.2.1 and Section
3.4.2.2, show that in the single-task setting, the target object
prior effectively facilitates consistent and robust target object
reaching and picking, with a picking rate always greater than
80%.

Regarding the success rate, the highest average value was
achieved with the final MOSAIC-COD module, which across
four tested tasks showed an average success rate of 90.13%.
This highlights how including information about the object’s
location improves system robustness.

In the multi-task scenario, it was observed that the use of
object priors also resulted in a more successful and robust sys-
tem. The MOSAIC-COD system achieved an average success
rate of 79.24%, a significant improvement compared to the
baseline (46.01%). However, there is still room for improve-
ment, particularly in balancing performance across different
tasks.
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Additionally, the proposed system was also validated in a
real-world scenario (Chapter 4). Specifically, MOSAIC-CTOD
and MOSAIC-COD were tested in a restricted single-task,
multi-variation scenario with two different configurations. The
first configuration involved training the system from scratch,
while the second used a system finetuned from a model pre-
trained in simulation. Results show that the finetuned systems
outperformed the systems trained from scratch, demonstrating
the potential of leveraging different data domains to initialize
the system, which can then be finetuned for the target context.

It was generally observed that the C(T)OD module could
predict the location of target objects based on demonstrations
from a simulated agent, indicating that the system can inter-
pret task execution from demonstrations by different agents
and in different domains. This opens interesting possibili-
ties for future development, including the use of human-based
demonstrations.

Regarding the final control policy, the highest success rate
was achieved with the MOSAIC-COD module, reaching
55.00%. While this success rate is lower compared to the
corresponding results in simulation, several factors need to be
considered, including the characteristics of the dataset and the
real-world challenges. Notably, the system consistently reached
the target object with a reaching rate of 86.67%, indicating
that the COD can reliably inform the control module about the
target object’s position. The primary source of errors involved
collisions with the target object, mostly due to noisy and low-
quality data. These issues could be mitigated by enhancing the
robot’s perceptual capabilities, such as using depth information
or a camera mounted on the robot.

In conclusion, the methods discussed in this thesis repre-
sent a significant advancement toward developing a system ca-
pable of replicating tasks performed by another agent, even
under varying environmental conditions (e.g., differences in ob-
ject positions between the demonstrator and the agent) and in
challenging scenarios involving multiple similar objects, where
the semantic role of each object (e.g., target or distractor) is
dynamically defined at runtime by the demonstrator. The pro-
posed approach, based on a modular architecture, has demon-
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strated its effectiveness. Specifically, by first localizing the tar-
get objects, not only is the control problem simplified, since
the network learns a simpler mapping from pixel coordinates
to spatial coordinates, but also the interpretability of the sys-
tem is enhanced. The predicted bounding box may serve as
“human-readable” information, which can be used to estimate
where the robot is going to move.

Generally speaking, such capabilities are highly desirable
when the goal is to develop general-purpose robotic platforms
that are capable not only of performing multiple tasks but also
of learning to execute novel tasks through an intuitive program-
ming paradigm based on video demonstrations. For instance, in
a highly adaptable manufacturing scenario, a human operator
could demonstrate a new assembly procedure by recording just
a few executions. The robot could then be tasked with learning
the procedure and replicating it across various configurations.

Building on the proposed modular approach, future works
could focus on the following aspects:

• Scalability to more complex objects. Once the mod-
ular approach has demonstrated its effectiveness with
simple-shaped objects (e.g., boxes and bins), the sys-
tem can be enhanced to handle more complex objects,
such as those with irregular shapes or multiple parts that
need to be assembled. To achieve this, more advanced
conditioned object detection techniques can be employed,
drawing inspiration from novel Visual-Question Answer-
ing models [160], where Visual-Language Architectures
are used to selectively localize the objects of interest
based on a given query.

• Generalization to multi-step tasks. In industrial set-
tings, tasks are often composed of multiple steps, requir-
ing the agent to perform a sequence of actions to complete
it. To address this challenge, a novel methodological ap-
proach is needed to decompose the task into sub-tasks.
One possible approach is to use a Graph-Based scene
representation [153], where each node corresponds to an
object and the edges represent the relationships between
them. This representation can then be used to model the
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current task state and facilitate learning a policy that
generates the actions needed to transition from one state
to another, i.e., determining how the current graph must
be modified to achieve the desired goal of the i-th sub-
task.
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independent planning heuristics with hypergraph networks,”
in Proceedings of the International Conference on Automated
Planning and Scheduling, vol. 30, 2020, pp. 574–584.
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