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Abstract
Task and Motion Planning (TAMP) aims to integrate high-level symbolic reasoning
with low-level geometric reasoning, creating extensive plans grounded in actionable
commands. By bridging decision-making and physical action, TAMP enables
robots to perform complex, multi-step tasks.

This thesis contributes solutions to the TAMP problem for mobile manip-
ulation through three distinct projects, which are designed to exploit unique
challenges of TAMP. The frameworks address embodied intelligence through
investigation across sampling, optimization, and learning methods.

First, a hierarchical optimization-based TAMP structure is introduced for
coverage planning in legged manipulators, enabling efficient and robust execution
with a dexterous task. Second, an approach combining sampling-based methods
with optimal TAMP principles is developed, constructing a reachability graph
for efficient state-space exploration. Finally, an LLM-based planner is designed
to enable natural language interaction, lightweight adaptability, and failure
recovery in domestic environments. These systems are validated via different
robot deployments in industrial and domestic environments, aiming at robust
and reliable robot autonomy.

In addition to solving TAMP, our frameworks design end-to-end solutions by
processing perception input to the central planner, further contributing towards
the autonomy and robustness of robotics systems.
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Abstract

Task and Motion Planning (TAMP) aims to integrate high-level symbolic reasoning
with low-level geometric reasoning, creating extensive plans grounded in actionable
commands. By bridging decision-making and physical action, TAMP enables robots
to perform complex, multi-step tasks.

This thesis contributes solutions to the TAMP problem for mobile manipulation
through three distinct projects, which are designed to exploit unique challenges
of TAMP. The frameworks address embodied intelligence through investigation
across sampling, optimization, and learning methods.

First, a hierarchical optimization-based TAMP structure is introduced for
coverage planning in legged manipulators, enabling efficient and robust execution
with a dexterous task. Second, an approach combining sampling-based methods with
optimal TAMP principles is developed, constructing a reachability graph for efficient
state-space exploration. Finally, an LLM-based planner is designed to enable natural
language interaction, lightweight adaptability, and failure recovery in domestic
environments. These systems are validated via different robot deployments in
industrial and domestic environments, aiming at robust and reliable robot autonomy.

In addition to solving TAMP, our frameworks design end-to-end solutions by
processing perception input to the central planner, further contributing towards
the autonomy and robustness of robotics systems.
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Introduction

Contents
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . 4
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1.4.1 First-author Papers . . . . . . . . . . . . . . . . . . . . 5
1.4.2 Co-authored Papers . . . . . . . . . . . . . . . . . . . . 6

1.5 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . 6

1.1 Motivation

The field of robotics has seen significant advancements in recent years, with mobile

manipulation emerging as a critical area of research. Mobile manipulators, which

combine mobility with the ability to manipulate objects, are increasingly used in

diverse applications, from industrial automation to service robotics. The key research

to enable these robots to perform complex tasks autonomously and robustly lies in

Task and Motion Planning (TAMP). TAMP problems address the integration of task

planning and motion planning, which specifies the process of end-to-end decision-

making that takes a goal as input and outputs a sequence of robot configurations to

complete the specified task. Hence, TAMP planners need to accommodate both task

1



2 1.1. Motivation

Figure 1.1: Robotic see-think-act cycle.

goals and low-level motion requirements, solving them either independently or jointly.

Figure 1.1 describes a typical see-think-act cycle in robot systems. In this layout,

task planning refers to the ‘think’ feature, and motion planning and control denote

the ‘act’ function. Let’s take a kitchen manipulation task - getting a cup from the

cupboard - as an example. If we know the steps that should be taken to finish the

task (open cupboard, pick cup, close cupboard, place cup on the table), motion

planning can take this sequence and produce robot joint configurations to fulfil the

task. However, if we only specify that we need a cup on the table, task planning

should also generate the desired sequence of actions. Our planner might also have

to understand if we want a particular cup from the cupboard, and if other cups

need to be moved first, in order to reach the desired one.

TAMP research presents numerous challenges due to its hybrid and complex

nature. Even in static and known environments, developing a robust TAMP model

capable of generating accurate sequences of robot configurations for multi-purpose

real-world applications remains an open research question. As an integrated research

field, TAMP encompasses problems that integrate planning both task and motion

levels. A study by Mansouri et al. [1] identified five open questions that need to be

addressed in TAMP design: (1) level abstractions, (2) joint reasoning of symbolic
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and continuous knowledge, (3) integration of machine learning models with TAMP,

(4) consistent online decision-making, and (5) issues related to uncertain perception.

The authors also suggest that a one-size-fits-all solution is unlikely to exist.

TAMP has gained significant interest over the past few years [2] as researchers

strive to address the above challenges. The advancement in various relevant

technologies, ranging from image processing and language understanding to robot

navigation and manipulation, has been instrumental in this pursuit. Research in

TAMP generally aims to effectively integrate artificial intelligence techniques in task

planning with advancements in robotics for motion planning, thereby enhancing

the capabilities of automated systems to plan complex tasks efficiently.

1.2 Objective

This thesis aims to address the aforementioned gaps by exploring three distinct

yet complementary approaches to TAMP for mobile manipulation. We aim to

develop novel planners to solve end-to-end task and motion planning, focusing

on the correlation between robot motion constraints and task-level requirements.

Our goal is to achieve automated, robust, reliable, and ideally optimal solutions

in both industrial and domestic applications.

The first objective is to investigate optimization-based methods in TAMP. This

approach structures the planning process into manageable optimization layers, which

obtain time and energy efficiency and effectiveness in both task and motion levels.

The investigated task in this work, multi-surface coverage planning, specifically

requires maintaining dexterity on legged manipulators.

In TAMP, the lack of robust integration between high-level task planning and

low-level motion planning can result in inefficiencies and infeasible plans when

the task planner is unaware of the geometric constraints at the motion level.

To avoid this, we propose a sampling-based reachability graph where kinematic

constraints affect high-level decisions. This method bridges the gap between high-

level task planning and low-level motion constraints, ensuring that the generated

task plans are both feasible and optimized within the environment. The integration
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of geometric feedback into the optimization process can inform and refine the

hierarchical planning system, creating a more cohesive and integrated planning

framework, hence, reducing replanning efforts. We implemented this system in

domestic settings with general tasks.

The recent advent of AI, particularly large language models (LLMs), offers new

opportunities for task planning, but there is a need to explore how these models

should be adjusted for embodied intelligence. The third objective is to explore

the use of LLMs for TAMP, reducing the reliance on formal planning language

and integrating human-in-the-loop. The project leverages the capabilities of AI to

generate task plans that inherently respect the underlying kinematic requirements

while recovering from failures with human guidance. In this work, we address

TAMP solution’s reactivity during deployment with end users.

Finally, sim-to-real has been raised as a typical issue deploying research work

in real-world settings. Therefore, in our projects, we validated the algorithms

on physical high degree-of-freedom (DoFs) mobile manipulators, verifying the

contributions and aiming at realistic and practical applications.

1.3 Contributions

The main contribution of this thesis is the development of a set of TAMP planners

for mobile manipulation. The methods address embodied intelligence where robots

can reason around task requirements while understanding and respecting their

kinematic specifications.

Specifically, the contributions are:

• Novel approaches to solve TAMP on legged and wheeled mobile manipulators.

• Robust and optimal TAMP solutions that respect reachability and kinematic

constraints on high-DoF robots.

• Interactive and interpretable method taking advantage of textual understand-

ing capability of LLMs.
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Figure 1.2: Deployment of our TAMP solutions on legged and wheeled mobile
manipulators, targeting both industrial and domestic applications.

• Real robots deployment showing robustness of the proposed TAMP solvers.

1.4 Publications

Shown below is a summary of the papers accepted and submitted as part of this

degree. There is also a second-author publication listed.

1.4.1 First-author Papers

Kim Tien Ly, Matthew Munks, Wolfgang Merkt, and Ioannis Havoutis (2023).

Asymptotically Optimized Multi-Surface Coverage Path Planning for Loco-Manipulation

in Inspection and Monitoring. Proc. IEEE International Conference on Automation

Science and Engineering (CASE).

Kim Tien Ly, Valeriy Semenov, Mattia Risiglione, Wolfgang Merkt, Ioannis

Havoutis (2024). R-LGP: A Reachability-guided Logic-geometric Programming



6 1.5. Thesis Outline

Framework for Optimal Task and Motion Planning on Mobile Manipulators. Proc.

IEEE International Conference on Robotics and Automation (ICRA).

Kim Tien Ly, Kai Lu, Ioannis Havoutis (2024). InteLiPlan: Interactive Lightweight

LLM-Based Planner for Domestic Robot Autonomy. Under Review.

Workshop paper: Kim Tien Ly, Valeriy Semenov, Mattia Risiglione, Wolfgang

Merkt, Ioannis Havoutis (2024). Towards a reachability-guided TAMP framework

for mobile manipulation. The 5th UK Robot Manipulation Workshop.

1.4.2 Co-authored Papers

Kai Lu, Kim Tien Ly, William Hebberd, Kaichen Zhou, Ioannis Havoutis, Andrew

Markham (2024). Learning Generalizable Manipulation Policy with Adapter-Based

Parameter Fine-Tuning. IEEE/RSJ International Conference on Intelligent Robots

and Systems (IROS).

Mattia Risiglione, Abdelrahman Abdalla, Victor Barasuol, Kim Tien Ly, Ioannis

Havoutis and Claudio Semini (2024). RAKOMO: Reachability-Aware K-Order

Markov Path Optimization for Quadrupedal Loco-Manipulation. Under Review.

1.5 Thesis Outline

This thesis is presented in the integrated format of the University of Oxford.

Chapters 4-6 consist of peer-reviewed publications, each one accompanied by

additional discussion as well as a Statement of Authorship declaring the author’s

contribution to each work.

The remainder of the thesis is structured as follows:

• Chapter 2 – Background: Presentation of the main definitions, theory,

and methods used in the thesis.

• Chapter 3 - Related Work: Review of the relevant literature on task and

motion planning.
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• Chapter 4 - Hierarchical Optimization-based TAMP: A hierarchical

system to automatically and optimally deal with end-to-end planning on

mobile manipulation in remote sites.

• Chapter 5 - Reachability-guided Optimal TAMP: An approach to

provide high-level planner of the low-level constraint to avoid replanning in

TAMP.

• Chapter 6 - Interactive Lightweight Robotics Planner: An inter-

active solution to onboard LLM-based planner with interpretable recovery

behaviours.

• Chapter 7 - Conclusion: Discussion on the achievements and limitations

of this work, lessons learned, and future directions for the field.
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remainder of the thesis and will be referred to in later chapters.

9



10 2.1. Task and Motion Planning (TAMP)

2.1 Task and Motion Planning (TAMP)

2.1.1 TAMP Overview

TAMP is a fundamental problem in robotics that involves generating a sequence

of actions and corresponding continuous movements, accounting for both discrete

task constraints and continuous motion requirements. The key challenge in TAMP

is the integration of task planning and motion planning.

The problem can be viewed as a search over two interdependent spaces:

• Task space: A discrete space representing symbolic actions, such as “pick”,

“place”, or “move”.

• Motion space: A continuous space defined by the robot’s configuration space

C, including all its possible positions and orientations.

Formally, TAMP can be defined as follows:

Find (π, ξ) such that:

• π = [a0, a1, a2, . . . , an] is a sequence of symbolic actions, where each ai ∈ A
is an action from a discrete action space A. π operates under the state
transition si = succ(ai, si−1), where sn = sg.

• ξ = [τ0, τ1, τ2, . . . , τn] is a sequence of motion trajectories to complete the
symbolic sequence π, where each τi is a feasible trajectory in the robot’s
configuration space C to execute action ai.

Communication Between Task Planner and Motion Planner

The high-level task planner and the low-level motion planner communicate through

the sequence of actions π. Assuming there are ki timesteps for each action ai, the

motion planner computes a trajectory τi = [qi0,qi1, . . . ,qiki
] in the configuration

space C, where qij denotes the robot’s configuration at a specific time step j

within the trajectory.

To ensure motion feasibility when chaining actions in a high-level strategy, it is

required that the end configuration of one trajectory matches the start configuration

of the next. This can be formulated as:
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qi0 = q(i−1)ki
,

where qi0 is the start configuration for action ai, and qiki
is the end configuration

for action ai. The start configuration qi0 of action ai equal to the final configuration

q(i−1)ki
of the previous action ai−1 ensures smooth transitions between actions.

While the high-level task planner determines the action sequence π, the low-

level motion planner ensures that for each action ai, there exists a corresponding

feasible trajectory τi in the robot’s configuration space. The motion trajectories

are computed subject to kinematic and geometric equality and inequality con-

straints, allowing the execution of TAMP results. Hierarchical structure introduces

straightforward communication between levels, where the symbolic actions condition

the motion trajectories.

2.1.2 Hierarchical Structure

A common approach to solving TAMP problems is to use hierarchical decomposition.

This method splits the problem into levels, where high-level task planning generates

abstract plans, and low-level motion planning solves the actual trajectories for

each task. Hierarchical decomposition addresses the complexity of TAMP by

breaking it down into two layers:

• High-level task planner: At the high level, a symbolic task planner generates a

sequence of abstract actions, such as “pick object” or “move to target”. These

actions are defined in a discrete space and are often task-specific.

• Low-level motion planner: The low-level motion planner solves the motion

trajectories in the robot’s configuration space. It ensures that each action can

be executed safely and respects the robot’s constraints.

Figure 2.1 illustrates the typical hierarchical planning in TAMP, where the

high-level and low-level planners solve the task and motion problems separately.

In general, the task planner receives the goal and plan the action sequence π =

[a0, a1, a2, . . . , an] to complete the task. Meanwhile, the motion planner takes in
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Figure 2.1: Hierarchical structure in TAMP

the action sequences with their task-specific constraint, and plan the full trajectory

in ξ = [τ0, τ1, τ2, . . . , τn] = [q0,q1, . . . ,qT ] respecting the robot constraints. In order

to ensure executability, it is common to include a closed loop to check for motion

planning success and re-plan if necessary.

2.1.3 Optimization Framework

Optimization-based approaches, such as Logic-Geometric Programming (LGP) [3],

unify task planning and motion planning as a single optimization problem, where

task-level constraints and motion-level constraints are solved simultaneously. This

section provides the background knowledge of LGP, which was used in our thesis.

LGP formulates TAMP as an optimization problem that covers both discrete

action sequence and continuous joints trajectory:

minimize
∫ T

0
c(q(t), q̇(t), q̈(t)) dt+ ψ(q(T )

subject to si = succ(ai, si−1), ∀i = 1, . . . , n,

sn ⊨ g,

hswitch(q(ti) | ai, si−1) = 0, ∀i = 1, . . . , n,

gswitch(q(ti) | ai, si−1) ≤ 0, ∀i = 1, . . . , n,

hpath(q(t, q̇(t) | si(t)) = 0, ∀t ∈ [0, T ],

gpath(q(t, q̇(t) | si(t)) ≤ 0, ∀t ∈ [0, T ],

where:

• q(t) represents the configurations of the robot over time.
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Figure 2.2: LGP structure

• c denotes the cost objective function.

• ψ(q(T ) is the evaluation function for the final configuration of the system.

• si and ai represent the symbolic states and actions respectively.

• gswitch and hswitch are geometric constraints related to action transitions.

• gpath and hpath are continuous path constraints.

Fig. 2.2 visualize the process of solving TAMP in LGP. The LGP solver

employs a three-tiered approximation strategy to address the challenges posed by

the integration of symbolic and geometric planning domains effectively. At the

first level, the symbolic search quickly evaluate the end space, assessing the action

transition to generate the symbolic sequence π = [a0, a1, ..., an] to complete the given

goal g. The mid-level focuses on optimizing jointly over all keyframe configurations

q(t), t = t0, t1, ..., tn conditional to π, verifying the feasibility of the action sequence.

The keyframes essentially illustrate manipulation actions in the symbolic sequence

π, in particular, where the robot’s interaction with the environment changes, such as

grasping or releasing an object. For example, with a0 as grasp action, the mid-level

optimize the configuration over the grasp pose at t = t0, while trying to accommodate

costs that arises at later timesteps. Lastly, the full path optimization layer solves

the entire trajectory, ensuring a smooth trajectory ξ over [0, T ], conditional to the

given action sequence π. In this sense, instead of planning individual trajectories τi
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for each action ai, LGP optimizes over the full trajectory ξ, aiming towards optimal

results. The results of the feasibility check of the two optimization layers are sent

to the symbolic level to verify the action sequence generated π. The breakdown

of keyframes and full path planning allows for a comprehensive optimization that

maintains a balance between computational efficiency and the quality of the solution.

By integrating task and motion planning in this way, LGP offers a powerful tool

for robotics applications that require both high-level decision-making and precise

control over movement, effectively advancing the state of the art in robotic planning.

2.2 Task Planning

2.2.1 Problem Description

Task planning in robotics involves generating a sequence of symbolic actions to

achieve a goal within an environment. The problem involves a robotic agent

assigned to perform task T . Actions available to the robot are denoted by

A = {A1, A2, . . . , Am}, each capable of altering the environment and the robot’s

state. The state of the system, S, includes both the robot’s state and the

environment’s state, changing via the state transition function δ : S × A → S

upon performing an action A.

The objective is to find a sequence of actions (a1, a2, . . . , an) that transitions

the initial state s0 to a goal state sg where task T is satisfied. Determining the

action chain requires the task planner to understand and proceed relevant effects of

action on the environment such that they match the predicates of other actions.

Other constraints include the robot’s ability to perform only one action at a time,

a cost associated with each action, and the necessity to avoid unsafe states or

actions that could lead to failure.

2.2.2 Formal Planning Language

Robotic planning problems require formal languages to specify actions, states, and

goals in a way that automated systems can reason about. First-Order Logic (FOL)

[4, 5], or predicate logic, is a formal system that enables the representation of
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objects, predicates, and quantifiers to express general truths about the world. In

the context of planning, FOL provides the expressive power to define states and

actions with preconditions and effects.

Building on FOL, the Stanford Research Institute Problem Solver (STRIPS) [6]

language was introduced to model classical planning problems. STRIPS restricts

FOL to a more computationally tractable subset by using a structured representation

of the world in terms of predicates and finite sets of actions. Each action in

STRIPS is defined by:

• An initial world models describing the current state of the world.

• A set of operators including description of their preconditions and effects.

• A goal condition.

While STRIPS simplified reasoning about actions and states, it lacked the

expressiveness needed for more complex domains. To address this limitation, the

Planning Domain Definition Language (PDDL) was introduced [7]. PDDL general-

izes STRIPS by supporting advanced features such as conditional effects, universal

quantification over dynamic universes (e.g., object creation and destruction), domain

axioms over stratified theories, safety constraints, hierarchical actions composed

of subactions and subgoals, and the management of multiple problems across

multiple domains. PDDL separates the specification into two parts: a domain

description and a problem description.

• Domain description: defines the reusable problem domain:

– Requirements

– Types and constants

– Predicates

– Action definition with parameters, preconditions, and effects

• Problem description: defines a specific planning instance:

– The domain it belongs to

– Object declarations

– Initial conditions

– Goal states
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PDDL has become the standard for representing planning domains and problems,

particularly in robotics and automated planning research. LGP [3] also implements

a subset of PDDL to describe high-level symbolic planning components.

2.2.3 Tree Search

Tree search algorithms are a fundamental approach to task planning in robotics,

leveraging systematic exploration of the action space to identify a sequence of

actions that lead to the desired goal state. They operate by exploring the nodes

of a tree, starting from the root and progressively visiting branches according to a

specific strategy. The primary goal of a tree search is to construct a search tree

where each node represents a state of the system S resulting from the application

of a sequence of actions from the set A.

In a typical tree search, each node N in the search tree can be defined as a tuple:

N = (S, path, cost),

where:

• S is the current state of the system,

• path is the sequence of actions taken to reach state S,

• cost represents the cumulative cost incurred by executing the actions in the

path.

The root of the tree represents the initial state s0, and each child node represents

a new state generated by applying an action Ai ∈ A to its parent node’s state.

Incorporating Heuristics in Tree Search

In heuristic search, a heuristic function h(s) is used to estimate the cost of reaching

the goal state sg from the current state s. The heuristic should be admissible,

meaning it never overestimates the true cost. This property ensures that the search

algorithm remains optimal. Incorporating heuristics into the tree search process

allows for more informed decisions about which paths to explore. For example, an

informed search strategy like A* uses heuristics to prioritize nodes that are more
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likely to lead to an optimal solution. Tree search algorithms with effective heuristic

functions enhance the efficiency of task planning and provide a powerful mechanism

for robotic agents to achieve complex tasks autonomously in dynamic environments.

Monte Carlo Tree Search (MCTS)

Monte Carlo Tree Search (MCTS) [8] is an advanced tree search algorithm that

has gained significant popularity for its effectiveness in complex decision-making

environments, such as those found in robotic task planning. Unlike traditional tree

search methods, MCTS uses simulations to generate more promising search trees,

focusing on areas that have the potential to yield better outcomes.

MCTS consists of four primary phases in each iteration, which is visual-

ized in Fig. 2.3:

• Selection: Starting from the root node, the algorithm progresses down the

tree based on a selection policy to select the promising node.

• Expansion: The child node is added and we expand the tree considering

available actions from the current state.

• Simulation: From the new nodes, the algorithm simulates outcomes of

possible action sequences randomly until a predefined condition (like a

maximum depth or a terminal state) is met.

• Backpropagation: The results of the simulation are propagated back up the

tree, updating the statistical information at each node up to the root node.

In robotics, MCTS can be particularly useful for planning tasks that involve

uncertainty or a large number of potential actions at each step. The algorithm’s

ability to focus on more promising parts of the search space without needing to

exhaustively explore less relevant areas makes it well-suited for dynamic and complex

environments. Heuristic-enhanced MCTS can prioritize exploring paths that appear

safer or more efficient based on past experiences or sensor inputs. This method not

only speeds up the planning process but also improves the reliability and safety

of the robot’s operations in real-world tasks.
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Figure 2.3: Diagram of MCTS process

2.2.4 Large Language Models (LLMs)

LLMs are a class of artificial intelligence models designed to understand and generate

human-like text based on the training data they have been fed. LLMs are typically

built on transformer architectures, which leverage self-attention mechanisms to

process sequences of data (words, in the case of language). This architecture allows

the model to weigh the importance of different words in a sentence, regardless of

their position. This approach enables LLMs to capture nuanced meanings and

generate coherent and contextually relevant text across a wide array of topics.

These models are trained using vast amounts of text data through a process called

unsupervised learning, where the model learns to predict parts of the text from

other parts. The training involves adjusting millions (or billions) of parameters,

which define how the model processes and generates language. As LLMs are trained

on diverse internet text, they develop a broad understanding of natural language,

increasingly integral to different applications, and pushing the boundaries of how

machines understand and interact with human.

LLM has been integrated into TAMP as it can reduce the burden of defining

TAMP problems in formal planning languages presented in Sec. 2.2.2. Given a
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natural language description L, the objective is to generate an action sequence

π = {a1, a2, . . . , an} such that the symbolic task plan achieves the goal described

in L. It is essential for LLM models to understand the task in the context of

robotics, and plan meaningful actions.

2.3 Motion Planning

2.3.1 Problem Description

Motion planning refers to the task of finding a sequence of configurations for

a robot system to complete the action sequence, where configurations reflect

the robot’s degrees-of-freedom (DoF). In our mobile manipulator systems, the

configuration space C includes the robot’s base configuration for locomotion and

the arm configuration for manipulation:

C = Cbase × Carm,

where Cbase represents the base’s position and orientation in the environment, and

Carm represents the joint angles of the manipulator.

In robotics motion planning, several constraints and features are targeted

to ensure safe, efficient, and feasible paths for a robot to navigate through its

environment. The following list explains the contraints targetted during the

development of this thesis:

• Geometric constraints: The robot must not collide with any obstacles in the

environment. This requires checking for intersections between the robot’s

configuration and any obstacles at each point along the path. In addition,

the robot must operate within certain physical boundaries or limits of the

workspace, which ensures that the robot does not move outside the allowable

region.

• Kinematic constraints: For robotic manipulators, each joint has physical limits

on its range of motion, which must not be exceeded. These are often expressed

as bounds on joint angles or positions.
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• Dynamic constraints: Dynamic constraints take into account the robot’s

inertia, forces, and torques, ensuring that the robot’s motions are physically

feasible given its dynamics. Particularly, in legged manipulation, the stability

of the robot system must also be considered.

• Task-specific constraints: Depending on the task, there might be additional

constraints. For example, in manipulation tasks, there could be constraints

on the end-effector’s position, orientation, or force applied to objects. Path

smoothness, energy and time efficiency are other possible task requirements.

2.3.2 Sampling-based Approach

Sampling-based algorithms find feasible paths by exploring samples instead of

explicitly constructing the entire space. In this section, we provide preliminaries of

one of the most traditional sampling-based motion planning algorithms, Probabilistic

Roadmap, which is used in the thesis.

Probabilistic Roadmap

The Probabilistic Roadmap (PRM)’s process is visualized in Fig. 2.4, with

two main phases:

1. Construction phase: A roadmap is built by sampling random points from the

Cartesian space xi. The sampled configuration is then checked for feasibility,

and added to the roadmap if it is valid. Next, valid configurations are

connected by creating edges (xi,xj) if there exists a collision-free path between

them. Let G = (V,E) represent the roadmap graph, where V is the set of valid

configurations and E are the edges connecting them. The resulting roadmap

serves as a connectivity structure that enables efficient path planning.

2. Query phase: Given a start and goal configuration, a search algorithm (e.g.,

A*, Dijkstra) is used to find a path through the roadmap. The algorithm

attempts to find a feasible path τ from start (xstart) to goal (xgoal) such that:

τ : [0, T ] → Cfree, τ(0) = xstart, τ(T ) = xgoal.
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Figure 2.4: General process of sampling-based planners.

Sampling-based planners particularly excel in high-dimensional configuration

spaces where traditional grid-based methods become impractical due to the extensive

computations needed to decompose the entire space. These planners focus on a

smaller set of randomly sampled configurations, making them feasible for scenarios

where grid-based methods are not. Short planning time is another key feature of

sampling-based algorithms, which bypasses the time-consuming space decomposition

required by grid-based approaches.

However, these advantages come with trade-offs. Although sampling-based

approaches can be extremely efficient due to not requiring a full exploration of the

configuration space, this efficiency often comes at the expense of the solution’s quality.

The solutions from sampling-based planners are often less optimal because fewer

samples mean reduced accuracy. There is a risk of not finding a path even if there is

one exists. The randomness in sampling leads to variability in solutions for the same

problem, though caching successful paths can mitigate this issue. Moreover, these

planners struggle with navigating through narrow gaps due to the low probability

of randomly sampling the precise configurations needed for such tight passages.
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2.3.3 Optimization-based Approach

Optimization is the process of finding the best solution from a set of feasible

solutions for a given problem, typically by maximizing or minimizing a particular

objective function. This section describes both solving inverse kinematics (IK) and

trajectory planning with optimization. In our projects, IK is used as a simplified

method for checking feasibility, while trajectory optimization outputs the full path

in configurations to perform TAMP solutions.

Inverse Kinematics (IK)

Inverse kinematics (IK)’s goal is to determine the necessary joint parameters that

achieve a desired end-effector position and orientation (Fig. 2.5a). Unlike forward

kinematics, where the pose of the end-effector is determined from given joint

angles, IK involves finding joint configurations that meet specific positional criteria.

Formulating IK as an optimization problem has become a prevalent approach

due to its flexibility and effectiveness in handling complex kinematic chains with

high-DoF systems. When there are multiple configuration solutions that leads to

the same desired end effector position, optimization-based approach allow us to

define an objective function, prioritizing custom cost and constraints (e.g. close

to the nominal pose for stability).

The primary objective in IK is to find the joint angles or positions q that

minimize the difference between the end-effector’s actual position x(q) and its

desired position xd. Mathematically, the IK problem can be formulated as:

min
q

∥x(q) − xd∥2

where x(q) represents the forward kinematics function, mapping joint variables

q to the position and orientation of the end-effector, and ∥ · ∥2 denotes the squared

Euclidean norm.
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(a) Inverse kinematics (b) Trajectory

Figure 2.5: Examples of motion plans in reaching an object.

Trajectory Optimization

Trajectory optimization involves the generation of optimal motion paths for robotic

systems subject to constraints and objectives. An example of a whole-body trajectory

planning solution of reaching towards an object is shown in Fig. 2.5b. Trajectory

optimization formulates the motion planning problem as an optimization task where

the goal is to find a sequence of trajectories {τ1, τ2, . . . , τn} over a time interval [0, T ].

The complete trajectory optimization problem can be stated as follows:

minimize
∫ T

0
c(q(t), q̇(t)) dt

subject to h(q(t), q̇(t)) = 0 ∀t ∈ [0, T ],

g(q(t), q̇(t)) ≤ 0 ∀t ∈ [0, T ].

Here, q(t) represents the robot’s configuration at time t, and q̇(t) is its time

derivative. The equality constraints h(q(t), q̇(t)) = 0 typically denote task-

specific constraints, such as maintaining a desired position, velocity or force

value. Meanwhile, the inequality constraints g(q(t), q̇(t) ≤ 0 ensure safety of

the system, such as respecting joint limits and avoiding collisions with obstacles.

Optimization methods iteratively refine the path to minimize the cost function

while satisfying these constraints.

K-Order Markov Optimization (KOMO) [9], implemented as the motion planning

method in LGP [3], is special among available trajectory optimization solutions

in that it allows for optimizing over sequences where the structure and DoF of

configurations changes over time. The method formulates trajectory optimization
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as a k-order non-linear sum-of-squares constrained problem over a time discretized

trajectory, where the k-order cost vectors ct flexibly enables representation for

both transition and task-related costs:

minimize
T∑

t=0
ct(qt−k:t)⊤ct(qt−k:t)

subject to ht(qt−k:t) = 0 ∀t ∈ [0, T ],

gt(qt−k:t) ≤ 0 ∀t ∈ [0, T ].

2.4 Perception in TAMP

In robotic applications, perception plays a crucial role in providing robustness and

reactivity to the robot’s planning and execution. Although perception is not the

focus of this thesis, visual data is processed to extract relevant information such as

object detection, localization, and scene understanding, enabling robots to make

informed decisions and perform tasks within the environment. Particularly, in our

context of task and motion planning for mobile manipulators, perception modules

involve extracting information from raw RGB-D cameras and processing inputs for

the main TAMP planner. This section delves into the fundamental components of

our approach to TAMP perception that help a robot perform tasks autonomously.

2.4.1 Scene Processing

This section describes our surface perception methods for the project in Chapter 4,

which is essential to achieve autonomy in remote areas. It enables our specialized

planning framework to operate in a task-aware way.

Scene Reconstruction

Scene reconstruction focuses on creating a 3D model of the operating environment.

A widely used approach is the Truncated Signed Distance Function (TSDF) [10],

which provides a robust framework for integrating multiple depth images into a

single volumetric model. The TSDF representation maps each point in space to its

shortest distance to a surface boundary, distinguishing between points inside and
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outside objects with positive and negative values, respectively. The mathematical

formulation of TSDF for a point p in space is given by:

TSDF (p) = min
(

distance(p, surface)
threshold , 1

)

This function is truncated at a threshold distance to maintain computational

efficiency and to handle noise and outliers in depth measurements.

Segmentation

Segmentation partitions the reconstructed scene into meaningful clusters, typically

representing individual objects or parts of objects. Techniques such as Euclidean

clustering [11] and Random Sample Consensus (RANSAC) [12] are employed

in our project:

• Euclidean clustering: a form of spatial clustering, which involves grouping

points that are spatially close, assuming that points that are near each other

belong to the same object. This technique groups points based on their

Euclidean distance, assuming points that are spatially close belong to the

same object. The process begins by defining a distance threshold, which is the

maximum distance between points for them to be considered part of the same

cluster. Using a k-d tree for efficient search, the algorithm forms clusters by

starting with a seed point and recursively adding neighboring points within

the threshold distance until no more points can be added, then moves on to

the next unclustered seed point.

Euclidean clustering is advantageous as it does not require prior knowledge of

the number of clusters and can adapt to the shape of objects, making it ideal

for segmenting complex and irregular structures in robotic tasks. However,

setting the correct distance threshold is critical, as too small a threshold can

lead to over-segmentation, while too large may merge separate objects into a

single cluster, necessitating careful tuning based on the scale and density of

the point cloud to optimize segmentation outcomes.
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• RANSAC: Useful for identifying and isolating geometric shapes (e.g., planes,

cylinders, spheres) within noisy data. RANSAC operates by randomly

selecting a subset of the data to hypothesize a model, then determining

how many other data points fit this model within a predefined tolerance,

classifying them as inliers. The process is formulated as:

Model = arg max
m

N∑
i=1

1(distance(pi,m) < t),

where 1 is the indicator function, t is a threshold, pi are data points, and m

is the estimated model parameters.

The key advantage of RANSAC is its robustness against outliers, making it

particularly suitable for environments where the sensor data may contain a

significant amount of noise. The method’s effectiveness, however, depends

heavily on the appropriate setting of tolerance thresholds and the number

of iterations, which must be balanced to achieve reliable detection without

excessive computational cost.

2.4.2 Object Detection

Object detection is a critical component of robotic perception, enabling the identifica-

tion and localization of objects within an environment. This process is fundamental

for interaction and manipulation tasks performed by mobile manipulators with

general tasks. Our pipeline integrates deep learning methods, particularly YOLO

[13], which is a popular method in real-time object detection. YOLO frames object

detection as a single regression problem, eliminating the need for sliding windows

or region proposal methods. To analyze the entire image at once, YOLO divides

it into a grid and predicts both bounding boxes and class probabilities for each

section simultaneously. This innovative method enables YOLO to operate with

high speed and accuracy, making it ideal for real-time applications like autonomous

vehicles, video monitoring, and robotics.
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2.5 Hardware Platforms: Robots And Sensors

In this section, we review the hardware platforms used for the development of this

thesis. The research development was done on either legged or wheeled manipulators,

depending on the specific application and environmental requirements developed

in each project. Additionally, we also mentioned the cameras used on each robot

platform to obtain environmental perception.

2.5.1 Legged Mobile Manipulator

A legged manipulator combines the mobility of a legged robot with the dexterity

of a robotic arm, creating a versatile platform capable of both locomotion and

manipulation tasks. Similar to legged robots, it utilizes limbs for movement, enabling

navigation through diverse and complex environments such as rough terrain, stairs,

and obstacles. At the same time, the manipulator with its articulated joints

and end-effector can easily grasp, manipulate, and interact with objects in its

surroundings. This dual capability makes legged manipulators highly adaptable for

applications where both mobility and manipulation are crucial, such as disaster

response, exploration in challenging terrains, and tasks requiring object handling

in unstructured environments.

In our work, we use a lightweight 6-DoF arm with a quadrupedal base. This

combination provides a stable and flexible legged manipulator in real-world settings.

Fig. 2.6 presents the legged mobile manipulator used in this work, where we put

a Kinova arm on an ANYmal C. The main specifications of the robots are shown

in the first two rows in Table 2.1, which indicate that the lightweight Kinova arm

can be mounted on the Anymal C, respecting the base’s payload. On our legged

platform, we attached an RGBD Intel Realsense camera on the wrist of the Kinova

arm. This camera is equipped with depth sensors based on active stereo technology,

allowing them to capture 3D information with high accuracy and precision.
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(a) Kinova (b) ANYmal C (c) RGBD Intel Re-
alsense camera

(d) Kinova on ANYmal C

Figure 2.6: Our legged manipulator platform includes the Kinova arm (a) on the
ANYmal C quadrupedal base (b), with a RGBD Intel Realsense camera (c) mounted on
the wrist of the arm.

2.5.2 Wheeled Mobile Manipulator

A wheeled manipulator combines the agility and speed of wheeled robots with

the precision and versatility of a robotic arm. This robotic system is equipped

with wheels for swift movement across flat and smooth surfaces, making it highly

efficient in environments such as warehouses, factories, and homes, where rapid

navigation is essential. At the same time, it features articulated joints and

grippers akin to traditional robotic arms, enabling it to handle objects, perform

manipulation tasks, and interact with its surroundings with accuracy and control.
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Name Type Size
(LxWxH)

Weight Payload Max speed Reference

Kinova Robotic
arm

900 mm* 5.2 kg 1.3 kg 20 cm/s Link

ANYmal
C

Legged
robot

1054 x
520 x
830 mm

50kg 10 kg 1.0 m/s Link

HSR Wheeled
manipulator

430 x
430 x
1005 mm

37 kg 1.2 kg 0.8 km/h Link

PR2 Wheeled
manipulator

668 x
668x
1650 mm

226.8kg 1.8kg 3.6km/h Link

* Maximum reach

Table 2.1: Specifications of the robotic platforms in this thesis.

The combination of mobility and manipulation enhances operational productivity

while maintaining safety, offering a versatile solution for a wide range of industrial

and service applications.

Fig. 2.7 shows the wheel manipulators used to develop our domestic TAMP

planner, which include the Toyota Human Support Robot (HSR) [14] and the

Personal Robot 2 (PR2) [15]. The robots’ specifications are shown on the last

two rows of Table 2.1.

• HSR is equipped with a 3-DoF base and 5-DoF arm, enabling dexterous

behaviours. The end effector of the HSR is a two-fingered force-compliant

gripper with an RGB camera. The head has 2 DoFs, tilt and pan. There are

three camera sensors: RGB-D Asus Xtion Pro Live, a stereo camera and a

wide-angle camera.

• PR2 is equipped with an omnidirectional base that provides 3 DoFs for smooth

navigation, and two 7-DoF arms for dexterous manipulation tasks. Each arm

is fitted with a parallel gripper capable of grasping a variety of objects. The

head has 2 DoFs, with pan and tilt capabilities. The PR2 is equipped with

multiple sensors, including an RGB-D camera (Kinect) mounted on the head,

https://assistive.kinovarobotics.com/product/jaco-robotic-arm
https://www.anybotics.com/news/the-next-step-in-robotic-industrial-inspection/?utm_term=&utm_campaign=DSA_Test_Campaign&utm_source=adwords&utm_medium=ppc&hsa_acc=2825987298&hsa_cam=20110364077&hsa_grp=155755921184&hsa_ad=657802173078&hsa_src=g&hsa_tgt=dsa-2198126585659&hsa_kw=&hsa_mt=&hsa_net=adwords&hsa_ver=3&gad_source=1&gclid=CjwKCAjw1920BhA3EiwAJT3lSVqPjCqtrywQxgf31wlkJDtg7NtXLmgjkSm2s2Zr4jnTzMtNnIMaWBoCjSsQAvD_BwE
https://mag.toyota.co.uk/toyota-human-support-robot/
https://robotsguide.com/robots/pr2
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a laser rangefinder, and stereo cameras. As our lab does not have access to

a physical PR2 robot, the pick-and-place and sorting experiments with the

PR2 in Chapter 5 are conducted in simulation.

(a) HSR (b) PR2

Figure 2.7: Wheeled manipulators platform
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This chapter provides a literature review of existing methods in TAMP and its

individual components. Section 3.1 presents how classical planning has been studied

in the context of robotics planning. Section 3.2 reviews current motion planning

approaches in mobile manipulation. Section 3.3 focuses on the state-of-the-art

(SOTA) integration of task and motion planning in robotics.

3.1 Classical Task Planning in Robotics

Classical planning techniques [16] have been the foundation of influential planning

approaches in robotics, including state-space search, heuristic-based planning, and

symbolic reasoning, which have shown notable applicability in robotics applications.

One of the earliest approaches to task planning, state-space search explores the
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space of all possible actions to determine an optimal or feasible path to a goal

state. In robotics, this approach requires searching through the state space in

controlled environments to identify a sequence of actions that the robot can execute

to achieve its goals, such as navigating to a target position or performing a series of

manipulation tasks. The foundational concepts of robotic planning were rooted in

state-space search algorithms, including breadth-first search (BFS) [17], depth-first

search (DFS) [18], and best-first search [19]. BFS and DFS, developed in the 1950s,

introduced structured ways to explore possible states by either expanding outwards

in levels (BFS) or diving deeply along one path before backtracking (DFS). Despite

being general AI techniques initially, these methods were soon applied in robotics,

where robots needed systematic strategies to explore and navigate environments.

For instance, BFS was particularly effective in grid-based environments, enabling

robots to avoid obstacles and find paths to goals in structured settings [20]. DFS was

also studied in maze traversal problem with a humanoid robot [21]. However, these

early techniques were limited by high memory requirements and inefficiencies in

complex, high-dimensional spaces. The introduction of best-first search, specifically

A* [22], marked a significant advancement in classical planning. Unlike the popular

Dijkstra [23] path-finding algorithm, which greedily explores the weighted graph for

the lowest cost, A* uses heuristics to prioritize paths closer to the goal, optimizing

search efficiency. In robotics, A* has been instrumental for pathfinding in grid-

based maps, where it enables robots to avoid obstacles and find optimal paths

to targets [24–26]. However, the limitations of the above approaches became

apparent in dynamic, high-dimensional environments, where they struggled to

handle continuously changing variables. D* (Dynamic A*) has been adapted

to address path planning in dynamic environments where obstacles may change,

enabling robots to adjust their paths in real time [27].

In 1971, the STanford Research Institute Problem Solver (STRIPS) [6] repre-

sented a milestone in robotics planning. Unlike previous search-based methods that

primarily addressed pathfinding, STRIPS introduced a more structured approach

to planning tasks by defining actions, states, and goals in terms of predicates,
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allowing planners to handle more abstract tasks. This work introduces the concept

of action-centric representation and lays the foundation for Planning Domain

Definition Language (PDDL) [7], a well-known and widely used standard in planning

model definition. PDDL is an expressive language that is not case-sensitive and

can compactly capture physics behaviours, therefore helping to bridge the gap

between research and applications. PDDL also supported multi-agent planning,

which extended robotic task planning beyond single-agent tasks to scenarios

requiring collaboration. With the emergence of artificial intelligence planning

research, there are now many variants of PDDL introduced serving different focuses

[28–31]. One popular version of PDDL is 2.1 [29], which develops temporal and

metric features with the ability to model non-binary resources and continuous

plans. Apart from FOL used in STRIPS and PDDL, there are higher-order logic

formulations that include predicates of predicates, however, these methods are

relatively computationally expensive to be used in TAMP. Answer Set Programming

(ASP) [32] also describes the planning model with logic programs, offering a

declarative approach that contrasts with the predicate and function-based structures

of FOL and the action-centric syntax of PDDL. Jiang et al. [33] compared ASP with

PDDL and pointed out that PDDL-based planners performed well in solving multi-

step problems, while ASP-based methods are suitable for dealing with a large domain

or when each step in the plan demands considerable reasoning to infer the world state.

Hierarchical Task Network (HTN) [34] solved planning problems by decomposing

high-level tasks into sub-tasks. The hierarchical structure allowed robots to manage

complex goals by breaking them down into smaller, manageable components. HTN

planning was widely adopted in robotic applications where task complexity required

structured organization, enabling robots to follow intricate workflows [35, 36].

HTN can also scale up to solve multi-agent problems [37, 38] or human-robot

interaction [39], and was deployed as the task planner in TAMP [40]. In addition to

using HTN as a sole task planner, researchers also consider HTN as a hierarchical

planning solution for TAMP [41].
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In recent years, the integration of machine learning with classical planning

has led to the development of robust, adaptive planning systems. Learning-based

methods, such as reinforcement learning (RL), significantly enhance the flexibility

of planning algorithms by enabling robots to learn and adapt optimal sequences of

actions in response to environmental changes. These hybrid approaches retain the

structure and efficiency of classical planners while introducing adaptability crucial

for real-world applications. For instance, RL has been combined with A* to help

robots plan navigation paths in partially known environments, adapting to uneven

terrains [42]. On the other hand, in [36], the authors integrate online learning into an

A*-based HTN planner to find the plan of maximal expected utility, showcasing the

potential of these integrations to enhance robotic autonomy and decision-making.

3.2 Motion Planning in Mobile Manipulation

Mobile manipulation combines movement and object interaction, allowing robots to

perform complex tasks that require both mobility and precise manipulation, such

as picking, placing, and assembling. Whether mounted on wheeled or legged bases,

mobile manipulators face unique motion planning challenges in navigating their

environments and ensuring effective reach and manipulation of objects [43]. Effective

motion planning for mobile manipulators thus involves not only pathfinding but

also selecting optimal base placements for efficient and stable task execution. Often,

locomotion and manipulation are treated separately in controlling these models

due to their complicated dynamics. For example, the authors in [44] combine

A* with RRT methods for the mobile base and manipulator motion planning

respectively. The framework processes manipulation actions conditioned on the

planned navigation solution. Iriondo et al. [45] instead proposed a learning-based

approach that generates the mobile base solution with deep RL with the arm

planner’s feedback. However, the system requires tuning for different scenarios

and the learnt policies are not reproducible. Inverse reachability map (IRM) is

notable for its effectiveness in capturing feasible base locations from which a robot

can achieve specific end-effector positions. An IRM represents a precomputed map
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that allows the robot to identify optimal base positions that maximize reachability

for manipulation tasks [46]. While collision is initially excluded in this method

[47, 48], Merkt et al. [49] used inverse Dynamic Reachability Maps [50] for

optimal base placement and continuous scene monitoring and replanning to robustly

accommodate dynamic changes.

Optimization is an effective tool that has been developed to calculate either

base placement [51, 52] or whole-body control signals [53, 54] in loco-manipulation

systems. Whole-body motion planning is an optimal way to make use of the

manipulation capabilities of these high-DoF robots. The Stability and Task Oriented

Receding-Horizon Motion and Manipulation Autonomous Planner (STORMMAP)

[54] uses a quintic spline to parameterize an optimization problem to achieve

real-time whole-body force plans on a quadrupedal manipulator. While contact

forces with the environment during manipulation tasks can cause instability in

legged torsos, Ferrolho et al. [55] handled such external disturbances using a

trajectory optimization method and optimized whole-body loco-manipulation plans

for robustness from unknown and known disturbance directions. This motion planner

considers the full dynamics of the platform, therefore, can effectively plan when

robot feet break contact with the environment. The authors in [53] formulated a

hierarchical optimization algorithm as a whole-body planning and control framework

to generate torque control signals. This work focuses on robustness of whole-body

control and takes into account dynamics during manipulation tasks. In [56], the

authors introduced a whole-body optimization framework on a wheeled manipulator

that targets task-specific constraints. The algorithm generates motion plans from

the integrated inputs including state estimation, perception and users. Instead

of optimization, Abdessemed [57] developed the forward kinematics equation of a

mobile manipulator in the form of a pseudo-neural network, which was then used

to determine the configurations for a specified end-effector trajectory. The method

back-propagates EE errors to update the weight for next configuration. Sampling-

based approaches were also introduced in high DOF motion planning [58, 59]. Yang

et al. [58] modified RRT-Connect planner [60] to handle time-indexed constraints.
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The approach plans in configuration space and can produce collision-free motion

planning in dynamic environments. However, these sampling-based techniques do

not guarantee optimality of smoothness and can cause jerky motions.

3.3 Task and Motion Planning

Research in TAMP primarily seeks solutions on how to interleave causal and

geometric requirements in order to complete the goals. The main challenge in

combining task and motion planning is their hybrid nature. While task planning

involves discrete task specifications, motion planning is solved in continuous space.

3.3.1 Problem Specification in TAMP

Effective TAMP systems require not only planning algorithms but also a represen-

tation framework that supports the interaction between high-level task logic and

continuous motion constraints. To simplify joint reasoning across task and motion

planning, semantic attachments [61, 62] implement external black-box procedural

reasoning to check for kinematics, dynamics or geometric constraints. Accordingly,

instead of looking up state transitions, the method provides the integration of

external functions for action specification. This approach is restricted to domains

with pre-specified discrete set of action poses (e.g. grasp poses). Meanwhile,

PDDLStream [31] introduces streams to dynamically generate necessary geometric

data during planning, which includes procedural and declarative elements. The

procedural component is a conditional generator, a function that maps input values

to a potentially infinite sequence of output values. These generators are used to

produce new values based on existing ones, such as generating robot configurations

that meet certain kinematic constraints given a specific pose or grasp. At the

same time, the declarative element defines the logical facts that its inputs and

outputs must satisfy. This dual structure allows planners to reason symbolically

about the relationships between inputs and outputs, while abstracting away the

internal mechanics of how those outputs are computed. In this way, PDDLStream

defines a problem interface where symbolic operators are linked to external samplers
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and validators. This approach builds upon earlier work such as STRIPStream

[63], which introduced similar stream abstractions in the context of STRIPS-

based planning. The formalisms enable compact problem specification in domains

with high-dimensional continuous variables and geometric evaluations. Other

approaches attempt to model TAMP to handle directly in continuous space [3, 64,

65]. Notably, LGP [3] specifies TAMP problem as a search over symbolic skeletons,

then conditions the full trajectory to solve a nonlinear constrained optimization

problem in continuous space. By specifying TAMP problems through a tightly

integrated structure, LGP targets optimal TAMP solution.

3.3.2 Satisfactory TAMP

Satisfactory TAMP focuses on generating feasible solutions, ensuring task completion

without necessarily optimizing path or task efficiency. Task and motion planners

are traditionally combined on a level basis, which can be decoupled or integrated.

Accordingly, each layer will keep its own level of abstraction and the TAMP model

should be able to translate knowledge between the two levels. Given the introduction

of STRIPS [6], robot planning was initially studied with a decoupled hierarchical

structure [66]. In this work, Shakey the robot plans a high-level action, then

sends it to the motion control layer for execution and has no alternative solutions

when the movement is infeasible, as denoted in Diagram 1 of Figure 3.1. This

approach is not really practical due to the strong assumption that every discrete

plan can be refined into a correct robot configuration. The hierarchical structure

was also utilized in [67] to decompose task dependencies, and the symbolic search

initially assumed all valid paths.

Due to robot’s high dimensionality and dynamics, more integrated TAMP [68]

considers failures and has the ability to replan to make sure that the strategy is

executable. Common methods are taking one of the two parts as the base plan and

solving the other level accordingly. For example, Srivastava et al. [69] introduce a

TAMP method that backtracks and finds alternative task plans if the motion solver

fails, as visualized in Diagram 2a in Figure 3.1. Such approach usually discretizes
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Figure 3.1: Satisfactory TAMP approaches.

the continuous space to bring it to symbolic planning. The method can utilize

off-the-shelf planners and make use of SOTA techniques. TMKit [70] is introduced

as the first open-source framework to implement such a structure, based on [71, 72].

Diagram 3b in Figure 3.1 shows an opposite approach, where the task search space

is bounded by sampling the continuous workspace [73]. Given that task planning

is usually in a finite domain, having to re-plan the task sequences is considered to

produce a lower cost compared to continuously sampling the geometry constraints.

3.3.3 Optimal TAMP

Due to the complex nature, TAMP approaches usually tackle this problem separately

and focus more on completeness. Solving such models optimally is difficult because

the optima of each layer might not be the overall optimal solution. Kongming [74]

was the first approach to integrate discrete and continuous action planning from an

optimal perspective, where Unmanned Air Vehicles’s mission is to perform a survey

in algal bloom regions. The method combines a planning graph for discrete actions

and flow tubes for continuous actions, which was modelled as a mixed logic linear

(non-linear) program. The method is tied to a fixed time discretization, which is
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difficult to apply on long-horizon tasks. However, it brings up the need for a tightly

coupled task and motion planning framework in robotics applications.

In 2015, Toussaint [3] introduced LGP algorithm, which formulates TAMP as

a mathematical program that uses optimization methods to find locally optimal

plans instead of solely feasible ones. The task in this work is to build the highest

stable tower from a list of blocks and boards. LGP generally defines three levels of

approximation and switches between symbolic search and configuration optimization

that is conditioned by symbolic decisions. While level 1 optimizes the final

configuration, levels 2 and 3 optimize keyframes (e.g. grasp poses) and full path

respectively. This paper implements FOL to formulate the planning problem and

uses a relatively simple tree search method. By bringing logic into geometry, LGP

does not need to arbitrarily discretize the continuous space and directly optimize

continuous solutions. Variants of LGP papers include a heuristics method for

long-horizon tasks [75, 76], a dynamic LGP for human motion prediction [77] or

an approximation solver for cooperative manipulation [78]. Other optimization-

based mathematical approaches to TAMP is constraint programming (CP) [79,

80] and mixed integer programming (MIP) [80–82]. Booth et al. [80] did a

comparison between MIP and CP and concluded that inference-based CP is better

than relaxation-based MIP in terms of time and solution quality. This work is tested

on simulation and claims to be case-sensitive. MIP is originally a decision making

and scheduling method that solves non-convex problems. When it comes to robotics

planning, this optimization solution can help to include discrete decisions with

integer variables. Two common approaches to solving MIP are branch-and-bound

[83] and cutting plane [84]. Deits et al. [85] introduced a planner that uses MIP to

generate globally optimal sequences of footsteps in difficult terrain. Multi-robot

task planning is a common application of MIP [86, 87]. In short, these mathematical

techniques allow encoding logical decisions and geometric constraints in nonlinear

optimization models without backtracking, targeting globally optimal strategies.

As more interest has been driven to solving TAMP optimally, besides math-

ematical programming, a very recent work from Thomason et al. [88] proposes
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Figure 3.2: Learning integration in automated planning [89]

asymptotically optimal decision-making using informed tree search. The model

effectively combines constraint-based symbolic planning, distance-based predicate

representation, and batch-sampling-based optimal motion planning to solve a hybrid

state space problem. Optimization-oriented TAMP often integrates cost-based

methods for symbolic or motion planners to obtain local optimality, where task

sequences are both feasible and cost-effective [31].

3.3.4 Machine Learning in TAMP
Classical Learning-based Approaches

Recent advancements in learning algorithms have significantly enhanced robotic

capabilities, benefiting research in TAMP. In general, TAMP approaches that treat

symbolic planning as a separate level can utilize SOTA machine learning techniques

in classical planning [89]. Figure 3.2 shows a typical procedure for integrating

learning in automated planning. The author in [89] indicates two main usages of

machine learning, which are learning action models and/or learning search control.

While action models are for obtaining the state transition of the world, search

control helps to guide the planner’s search for solutions.

Heuristics are a powerful approach to add to existing methods to get fast and

robust strategies. Heuristic has been widely developed as an efficient tool in solving

symbolic tree search, which is also known as informed search. Heuristics functions

provide the search with the cost it takes to the final goal, with the purpose to

guide the search. Learning-based heuristics can be well investigated to replace
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hand-crafted ones in the planning domain. A popular example is AlphaGo [90],

which is breakthrough research in using deep learning in classical planning. The

method successfully combines supervised and reinforcement learning in Monte Carlo

tree search to produce large state space decision-making. Inspired by this, Kim et

al. [91] presented ADMON, an actor-critic algorithm to learn a policy from past

experience and use it to guide the planner. The method focus on geometric-TAMP

(G-TAMP), which decides object poses to account for high-level goals. Balac et al.

[92] proposed a regression tree method to predict the effect of terrain on robot actions.

The action cost from the low-level learning model is used as a parameter in the

deliberative process in TAMP. In optimization-based LGP [77], motion prediction

was also explored using recurrent networks along with reinforcement learning (RL)

to accommodate human-robot coordination by utilizing the online MoGaze dataset

[93]. This Dynamic LGP replans periodically and can produce long-term predictions.

The machine learning optimizer (MLOPT) [94, 95] was introduced to allow online

solution to MIP problems with high speed, which outperformed the SOTA Gurobi

solver [96]. Based on this work, Cauligi et al. [97] introduced CoCo (Combinatorial

Offline, Convex Online) framework to enable real-time MIP TAMP solutions. The

approach uses offline data to train a task-specific strategies classifier for plan

prediction. However, the control system considered in the article is convex. Recent

research from Funk et al. [98] defined a hierarchical structure for robot assembly

discovery applications. The model uses block selection and final poses resulting from

the high-level MIP-based formulation to guide the exploration of the reinforcement

learning policy. The output sequences of action are then sent to the lowest level

for motion planning. From a different perspective, Gupta et al. [99] developed a

Graph Neural Networks (GNN) algorithm to replace the branching heuristic in the

traditional branch-and-bound solver of MIP. Another machine learning approach to

improving MIP solvers was proposed in [100] introducing variable branching, which

can benefit TAMP problems with optimization-based MIP formulation.

AI methods have also been powerful in handling uncertainties from robot

operations. Online learning is another approach to allow robust solutions from
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TAMP. The technique has fewer assumptions in place and allows to accommodate

contingencies during robot execution. An example can be found in [101], where

the system assesses human intervention to regulate robot plans in human-robot

collaborative tasks application. Apart from online learning, there are other learning-

based approaches to tackle highly dynamic, partially observable, or non-deterministic

working environments with Partially Observable Markov Decision Process (POMDP)

[102, 103], including but not limited to robotics planning [104].

Foundation Models

Foundation models have recently emerged as a transformative force in TAMP,

leveraging pre-trained, large-scale models that can be fine-tuned for specific robotic

tasks. This approach shifts TAMP from task-specific training to broader gen-

eralization, where a single model can adapt to various planning scenarios. The

application of LLM models in robotics, driven by recent advancements in natural

language processing, has become a focal point of intensive research [105]. Silver

et al. [106] integrates an LLM to interface with PDDL, showing that it can solve

nontrivial tasks. The paper also concludes that LLM can be useful in guiding a

heuristic search. Plansformer [107] requires PDDL domain inputs and fine-tunes

the transformer model on planning problems. Although the PDDL interface is a

neat approach to use with the current task planner, it is difficult for end-users to

add new tasks. On the other hand, Liang et al. [108] utilize LLM for generating

code policies that can be executed on the robot. Cascades of LLMs are also

investigated to break down the levels of abstraction in robotics planning [109,

110]. RoboTool [109] integrates four LLM components in the planer: Analyzer

identifies key concepts critical to task feasibility; Planner devises plans for tool use;

Calculator determines parameters for the skills, and the Coder generates executable

code. The pipeline targets TAMP problems that require tool usage, which proves

to successfully select tools and sequence actions.

The ability to account for the robot’s kinematics or geometry in robotics planning

process is critical in real-world applications. SayCan [111] and Text2Motion [112]
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are notable for considering geometric feasibility when planning the action sequence.

SayCan [111] incorporates skills probabilities in LLM models in the form of value

functions, allowing the models to have the grounding capability of robotics systems.

The algorithm was tested intensively with complex and varied human language

instructions, validating its high success rate in domestic robot planning. On the

other hand, Inner Monologue [113] designs closed-loop language feedback from the

environment in order to improve the robustness in completing the instructed tasks,

allowing robots to handle disturbances. Vision-language models (VLM) [114–119]

have also been extensively studied to explore how foundation models can be extended

to cover both perception and task planning, with an extension to end-to-end vision-

language-action research [120, 121]. For example, Contrastive Language-Image

Pre-training (CLIP) [118] has been a popular and widely-used VLM model in

robotics due to its powerful image reasoning capability. PIGINet [122] implements

CLIP for generating text and image embeddings and introduces a transformer-based

plan feasibility predictor to be integrated into a TAMP planner. The method fuses

6 cameras, making it harder to deploy in domestic settings. In 2023, PaLM-E

[123] develops an embodied version of PaLM [124] by incorporating sensor data

in a multi-modal structure, which generalizes well to embodied reasoning, vision-

language and language tasks. Recently, Gao et al. [125] interestingly implemented

LLM to improve physical understanding from vision, which successfully enhances

success rate in object-centric planning, e.g. assessing material or fragility from

visual appearance. However, the method doesn’t cover actual physical quantities

or feedback of the robot systems.

Research indicates that LLMs may not fully replicate human reasoning capabili-

ties [126]. Consequently, integrating human-in-the-loop (HITL) that incorporates

human intervention or oversight at key stages of automated processes proves essential

for maintaining the reliability and safety of robotic systems [127]. Vemprala et al.

[128] implement ChatGPT with HITL, emphasizing the dual benefits of enhanced

model training through human feedback and increased safety during operations.

Ren et al. [129] instead focus on human-robot interaction, where the robots
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Figure 3.3: While LLMs are not grounded in the world environment, SayCan [111] has
been a popular LLM-based robotics planner that considers geometric feasibility during
planning with LLM.

decide whether or not to ask for human intervention. Human is also a source of

feedback to Inner Monologue [113] to deal with ambiguous queries, enhancing

human-robot interaction.

Often, LLM-based models are data-intensive, demanding substantial training

datasets to perform optimally. In robotics, this demand poses a significant challenge,

as collecting large, diverse, and representative datasets from physical robots is time-

consuming, labor-intensive, and costly. For instance, RT series [120, 130] introduces

an end-to-end approach to applying transformers to robotics, requiring a large

amount of data collected in seventeen months to map language to actions. Similarly,

Lynch et al. [131] proposes an interactive method for language-conditioned robot

skills, compiling a dataset through 2.7k hours of collection on real robots. Prompt

engineering, on the other hand, has shown promise in applying LLM to robotic

tasks in a zero-shot manner [113, 132, 133]. However, it is not robust in real-world

execution without properly understanding the operating environment. Fine-tuning

methods involve adjusting the model’s parameters with a custom dataset, which has

been successful in capturing the large-scale pre-trained knowledge while ensuring it

is adapted to certain requirements in task domains or formats [125, 134]. On the

other hand, these large models, which enable embodied intelligence, rely heavily on

cloud processing, making fully autonomous onboard operation impractical. Driess

et al. [123] also reported that as model size increases, PaLM-E exhibits a marked

reduction in forgetting of language capabilities from PaLM. These highlights a
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trade-off between the scalability of language models and their deployment feasibility

in resource-constrained environments.

3.4 Conclusion

In this chapter, we explored pipelines and methods of TAMP research. Developing

TAMP involves the integration of various subsystems, ranging from understanding

the environment to ensuring the execution of the generated solutions. Accordingly,

our review covered the SOTA advancements in individual modules and fully

integrated systems within this context.

The following three chapters will delve into specific contributions, introducing

our TAMP solutions on legged and wheel manipulators, with both industrial and

domestic environments where suitable. Each chapter is self-contained and includes

a project-specific review of the relevant literature up to the time of the work’s

development. After presenting each contribution, we will reflect on its significance,

and outline challenges that we address in later chapters or discussed in Chapter 7.
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Hierarchical Optimization-based TAMP

In this first project, we look into how to solve specialized task with an optimization

perspective. The project is developed with the following characteristics.

Task specification Mathematical constraints
Interaction between task and motion
planning layers

Decoupled

Optimality vs feasibility Asymptotically optimal
Open-loop vs closed-loop Open-loop
Role of human Shared-autonomy

In particular, this project address a dexterous task in robotics planning with

mobile manipulators. Motivated by the need for autonomous robot systems to

perform offshore asset inspection, we develop an optimization-based planner as an

end-to-end solution for coverage planning problems on a legged manipulator.

As the robot is expected to perform a coverage task in remote sites, we address

autonomy in unknown environments. The developed framework is a perceptive

planner with the enhanced capability of planning with complex and disjoint surfaces

while guaranteeing reachability and stability of the robot system.

This chapter presents a novel two-layer hierarchical optimization structure

comprising mission planning and motion planning, solving multi-surface coverage
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4.1. Asymptotically Optimized Multi-Surface Coverage Path Planning for

Loco-Manipulation in Inspection and Monitoring

planning for loco-manipulation systems.

• The framework effectively integrates perception, surface sequencing, coverage

planning and motion planning to obtain end-to-end solutions.

• The multi-surface sequence is optimized using a mixed-integer linear program-

ming (MILP) approach, while the motion planning phase solves a whole-body

optimal control problem.

• The system also includes a user-friendly interface for efficient teleoperation,

which is necessary in remote inspection.

• We showcase the versatility and scalability of our approach across various

robotic coverage path planning tasks, including multi-surface asset inspection

using a quadrupedal manipulator.

4.1 Asymptotically Optimized Multi-Surface Cov-
erage Path Planning for Loco-Manipulation
in Inspection and Monitoring

The article in this section was presented at the IEEE International Conference on

Automation Science and Engineering (CASE) 2023 [135]. Our project website is

available online at https://sites.google.com/view/multisurface-coverage-planning.

© 2023 IEEE. Reprinted, with permission, from Kim Tien Ly, Matthew Munks,
Wolfgang Merkt, and Ioannis Havoutis, “Asymptotically Optimized Multi-
Surface Coverage Path Planning for Loco-Manipulation in Inspection and
Monitoring," in Proc. IEEE International Conference on Automation Science
and Engineering (CASE), 2023.

https://sites.google.com/view/multisurface-coverage-planning


Asymptotically Optimized Multi-Surface Coverage Path Planning for
Loco-Manipulation in Inspection and Monitoring

Kim Tien Ly, Matthew Munks, Wolfgang Merkt, Ioannis Havoutis

Abstract— Regular inspection and monitoring of aging assets
are crucial to safe operation in industrial facilities, with remote
robotic monitoring being a particularly promising approach for
asset inspection. However, vessels, pipework, and surfaces to
be monitored can follow complex 3D surfaces, and frequently
no 3D as-built models exist. In this paper, we present an
end-to-end solution that uses an optimization method for
coverage path planning of multiple complex surfaces for mobile
robot manipulators. The system includes a two-layer hierar-
chical structure of optimization: mission planning and motion
planning. The surface sequence is optimized with a mixed-
integer linear programming formulation while motion planning
solves a whole-body optimal control problem considering the
robot as a floating-base system. The loco-manipulation system
automatically plans a full-coverage trajectory over multiple
surfaces for contact-based non-destructive monitoring after
unrolling the 3D-mesh region-of-interest selected from the user
interface and projects it back to the surface. Our pipeline aims
at offshore asset inspection and remote monitoring in industrial
applications, and is also applicable in manufacturing and
maintenance where area coverage is critical. We demonstrate
the generality and scalability of our solution in a variety
of robotic coverage path planning applications, including for
multi-surface asset inspection using a quadrupedal manipulator.

I. INTRODUCTION

Coverage path planning refers to the task of finding a
trajectory (or path) that efficiently traverses a particular area
while ensuring that the area is sufficiently covered. This can
be a vital component for a robotic system performing tasks
in a range of applications, for example, in offshore inspection
[1], area monitoring [2], search and rescue [3] or landmine
scanning [4]. These are scenarios where it is either difficult or
dangerous for humans to work on. In the fields of agriculture
and horticulture, it is beneficial to use coverage planning for
agricultural machines to reduce fuel consumption by opti-
mizing their movements during harvesting or pruning crops
[5]. Examples of industry companies that develop robots with
coverage techniques are Gray Matter Robotics for material
sanding; and Skyline Robotics for window cleaning. Indus-
trial tasks like surface treatment [6] tend to be repetitive and
require high precision or consistent performance. Overall,
coverage planning is industrially widely applicable and can
be significantly more efficient and accurate when performed
by robots. In field operations, where robots need to fly over
or drive over a field, coverage planning requires considering
either obstacles avoidance or terrain inclinations. On the
other hand, with articulated robot systems covering a surface,
the complication comes from the shape of a surface, robot
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(a) Coverage path (b) Physical robot setup

Fig. 1: Overview of the deployment of our proposed
quadrupedal manipulator system: (a) Example of a coverage
path on a reconstructed and segmented surface. (b) Physical
quadrupedal robot in a multi-surface inspection scenario.

reachability, and kinematic constraints. These features make
a one-fit-all coverage planning system a challenging task to
solve in robotics research.

The main challenge of coverage planning is dealing with
sets of complex and disjoint surfaces. For example, in real-
world applications, pipes are frequently obstructed by valves,
or there are many separate pipes in an inspection site
requiring complex planning of inspection sequences. This
highlights the need for an automated way of computing an
optimized coverage path, given a list of surfaces, which can
be widely applied to different applications. The optimization-
based approach not only saves time and energy but also
produces better solutions compared to human performance,
in terms of precision and repeatability.

Intuitively, mobile robots are often preferred in large-scale
surveillance, where there are many objects to be inspected,
in order to achieve full coverage results. Legged robots have
been widely used in unstructured environments due to their
flexibility and adaptability to different terrains, and their
ability to reposition their base to extend the workspace of
an on-board manipulator. Therefore, they are an ideal choice
for the inspection monitoring task at hand. While coverage
tasks require the robot system’s mobility and flexibility, we
must take into account whole-body planning to guarantee
reachability and stability of the robot system.

Figure 1 visualizes an example solution to coverage plan-
ning on a vertical pipe and a multi-surface task evaluation
setup. In this paper, we address common issues that arise
in robots performing coverage paths in remote industrial
applications, which include coverage planning on disjoint
surfaces, whole-body motion planning on legged manipu-
lators, and autonomy in an unknown environment.

A. Related work

1) Robotic inspection and monitoring: Non-destructive
evaluation (NDE) has been an effective approach in exam-



ining material quality in industrial or manufacturing appli-
cations such as inspection and monitoring. The advantage
of NDE is that it can detect faults such as cracks, cavities
and flaws without having to alter them (e.g., by drilling
or cutting), which causes no disruption in service. This
is especially useful in cases where regular monitoring is
needed, e.g., for regular inspection of pressurized vessels
used for a significant range of industrial applications. A
traditional non-contact approach to non-destructive testing
in manufacturing applications is visual inspection, e.g. as
presented in [7]. This method can be used on top of other
methods to detect visible faults on surfaces quickly, however,
is not capable of detecting issues within the material or on
the inside/backside of surfaces. Radiography [8] and ther-
mography [9] are other methods that do not require contact
with samples, which are applied in checking delamination in
composite materials. Non-contact NDE is often fast in data
collection in comparison with contact methods, hence, has
its own instrumental sensitivity. Meanwhile, for NDE sensors
like ultrasonic or electromagnetic, it is essential to ensure
surface contact so that they can effectively collect data of
the materials. An added benefit of these sensing modalities
is that they can sense hidden defects that cannot be inspected
through non-contact methods. An example with this approach
is an electromagnetic acoustic transducer (EMAT) sensor [1],
where the system automatically detects thickness change and
builds a thickness map on a steel planar surface.

2) Coverage planning: Many different approaches have
been developed to address coverage path planning in 2D
spaces using grid-based [10], Morse-based [11] or topo-
logical coverage [12]. These methods use cellular decom-
position to represent free space, then geometrically plan a
path that connects adjacent cells. This task is a variant of
the popular Traveling Salesman Problem (TSP) with the
condition that agents should visit the neighborhood of cities.
[13] introduced a boustrophedon path planner with a TSP
approach for flight trajectories covering large fields. A recent
survey of robotic coverage path planning is provided in [14].
While 2D coverage planning is commonly used for visual
inspection [15] on Unmanned Aerial Vehicle (UAV) with
onboard cameras, 3D coverage planning is necessary for
contact-based monitoring.

The main challenge in robot coverage planning comes
from the complexity or the large size of workspaces. Ad-
dressing reachability, [6] developed a mobile manipulator
system to spray paint on pre-defined large convex surfaces.
The method poses an error to the motion planner and replans
if the trajectory is infeasible given the robot base pose.
To inspect a large 3D structure, [15] solves a multi-UAV
coverage path planning by combining Set Covering Problem
and Vehicle Routing Problem. The method models coverage
planning with an integer linear programming formulation to
minimize the maximum length of each UAV path. Though
targeting coverage planning on multiple separate surfaces,
our pipeline can also generate a complete coverage trajectory
on complex and large 3D objects by considering all surfaces
on all sides.

3) Loco-manipulation control: One important factor of
mobile manipulator inspection tasks is how to ensure that
robots can strictly follow the required end-effector tra-

jectories. Apart from planning the arm, motion planners
must compute the robot base’s location for achieving de-
sired poses stably. Often, locomotion and manipulation are
treated separately in controlling these models due to their
complicated dynamics. Inverse reachability maps are in-
troduced in determining base placements by analyzing the
reachability and dexterity of manipulators. While collision
is generally excluded in this method [16], [17], [18] use
inverse Dynamic Reachability Maps [19] for optimal base
placement and continuous scene monitoring and replanning
to robustly accommodate dynamic changes. Sampling-based
approaches [20], on the other hand, can produce collision-
free motion planning in dynamic environments. Optimization
is an effective tool that has been developed to calculate
either base placement [6], [21] or whole-body control signals
[22], [23] in loco-manipulation systems, which utilize the
manipulation capabilities of mobile robots. While contact
forces with the environment during manipulation tasks can
cause instability in legged torsos, [24] handled such external
disturbances using a trajectory optimization method and
optimized whole-body loco-manipulation plans for robust-
ness from unknown and known disturbance directions. The
motion planner considers the full dynamics of the platform,
therefore, can effectively plan when robot feet break contact
with the environment. In [25], the authors introduced a
whole-body optimization framework on a wheeled manip-
ulator that targets task-specific constraints. The algorithm
generates motion plans from the integrated inputs including
state estimation, perception and users. Our work extends
this concept to versatile legged mobile manipulators and
includes multi-surface coverage path planning, perception,
segmentation, and whole-body trajectory planning.

B. Contribution

This paper introduces a novel optimization approach to
solving end-to-end loco-manipulation. Our framework inte-
grates environment sensing, coverage path planning, whole-
body trajectory planning and execution, allowing the robot to
automatically perform coverage path following over multiple
surfaces specified from the operator. We effectively combine
3D point cloud reconstruction and segmentation into a per-
ception model to provide environmental awareness, which
takes inputs from an RGB-D camera and a user interface.
The pipeline includes a two-layer hierarchical structure of
optimization: mission planning and motion planning. The
former optimizes surface sequencing with a mixed-integer
linear programming (MILP) model. Meanwhile, for motion
planning, our work utilizes one-step and trajectory opti-
mization algorithms. These are used to compute whole-body
motion plans and joint control signals for the robot to follow
the generated Cartesian trajectory. Our floating planar-base
approach to the torso makes it possible for the system to be
applied on either legged or wheeled mobile platforms. The
full system proved to be universal and scaleable to a range
of coverage path applications.

II. PROBLEM FORMULATION

In this section, we discuss three main components of our
work: Perception, Mission planning and Motion planning.



Fig. 2: Design of the proposed perceptive locomanipulation
system in multi-surface inspection.

The full design is described in Fig. 2, which computes a com-
plete trajectory over surfaces without any prior information.
The goal of our work is to solve an asymptotically optimal
coverage strategy over multiple random surfaces for mobile
manipulators. The planning is done offline with a static
environment that is unknown beforehand and is perceived
on the spot. Details of each component are discussed below.

A. Perception
Our perception pipeline includes two main features: recon-

struction and segmentation. The module takes input from an
onboard camera and displays auto-segmented environmental
objects in a user interface. Figure 3 summarizes how our per-
ception pipeline reconstructs and segments the environment
to extract visual information.

1) Reconstruction: We use an RGB-D camera on the
arm’s end-effector to sense the environment, which is also
the only sensor used in the system. The robot is commanded
to scan the scene from different angles at a fixed location. We
reconstruct the environment using Truncated Signed Distance
Function (TSDF) volume integration [26] with multiple input
frames collected from raw RGB-D data. The method takes
transformations of the camera with respect to the world coor-
dinate to compute signed distance and utilizes viewing angles
for reconstructing surface normals. The reconstructed point
cloud is then downsampled with voxels to reduce processing
time in later stages. Due to the noise from the camera and
robot transformation during whole-body movement, we add
a radius outlier filtering layer that removes all invalid points
to finalize our environment point cloud. Fig. 3b shows the
reconstructed point cloud from RGB-D camera scanning the
environment in Fig. 3a.

2) Segmentation: To assist users in selecting a surface to
scan, we segment objects from the reconstructed point cloud
by combining Random Sample Consensus (RANSAC) [27]
and Euclidean clustering [28]. These methods do not require
any known models, which is suitable for processing unstruc-
tured environments like remote industrial sites for which
no reliable prior map may exist and rapid adaptation using
surface scanning is necessary. RANSAC is well-known for its
plane segmentation algorithm that determines a plane model
by calculating distance error with a hypothesis plane. At first,
we use plane segmentation to remove the ground/table and
wall from the point cloud. The objects are then clustered
based on density with Euclidean algorithm, which can help
to segment arbitrary shapes. Segments are then colored and

(a) Environment (b) Reconstructed (c) Segmented

Fig. 3: An example of our perception pipeline.

visualized in a user interface (Fig. 3c) and operators can
either choose a segmented object or select a custom surface
with a bounding box. Users are allowed to specify one or
more surfaces for multi-surface planning.

B. Mission planning

1) Sequence planning: The surface sequencing is formu-
lated as a mixed-integer linear programming problem and is
an extension of integer linear programming in TSP. Taking
each surface as a city in TSP, the problem is similar in the
sense that we should find an optimal path through all surfaces
and each surface should be visited only once. However, in our
case, each surface is configured as a polygon instead of node
in maps. Hence, our formulation also includes continuous
variables, which are start and end positions on each surface,
apart from the integer decision for surface sequencing. Our
model will optimize the sequence of surfaces to be scanned
in order to minimize energy. The coverage path within
each surface does not affect this cost. A task sequence
parameterization vector is defined for the decision, which
contains the surface, start and end poses on that surface.
Equation (1) models the planning problem with N(>= 1)
surfaces where xij is a binary decision (2) at step i of
surface j, which equals to 1 if surface j is to be scanned
at step i. S and G are the start and end position matrices
(3). S[, i] and G[, i] is the Cartesian start and end positions
of the robot’s end-effector on the surface-to-scan at step i,
which is surface j if xij = 1. The objective function d()
is the weighted Euclidean distance between end poses on
the previous surface and start poses on the later surface.
Constraint (4) and (5) ensures there is only one surface
scanned per step and all surfaces are scanned only once.
Finally, constraint (6) limits the end-effector start and end
poses within the boundary of the surface at that step.

min
x,S,G

N∑

i=1

d(S[, i], G[, i− 1]) (1)

s.t. ∀i,j∈0,..,N−1 : xij ∈ {0, 1} (2)

S,G = R3×N (3)

∀i∈0,..,N−1 :
N−1∑

j=0

xij = 1 (4)

∀j∈0,..,N−1 :

N−1∑

i=0

xij = 1 (5)

∀xij=1 : S[, i], G[, i] ∈ Bj (6)

2) Coverage path planning: With each surface on the
plan, the system implements the path planner from [13]
to autonomously generate a coverage path. This planner
processes the coverage path on a 2D surface. Therefore, we



need to flatten the 3D point cloud cropped by the Open3D
[29] point selector to a polygon. The points in 3D are
mapped into a flat 2D space by projecting adjacent mesh
vertices into the plane of the current one [30]. We keep
a reference of where the points in 2D have come from to
allow for an easier transformation of the path back into
3D. The 2D polygon is fed to the coverage path planner
along with the specified width of the sensor. Then, we re-
project the generated coverage path into 3D with the saved
reference. Randomizing positions are added to the computed
2D coverage path to ensure a smooth trajectory after re-
projection.

C. Motion planning
We compute motion planning for the whole robot system,

which includes both mobile base and manipulator, instead of
treating them separately. This approach allows base place-
ment generation integrated in the algorithm and maximizes
dexterity in manipulation tasks. We formulate the whole-
body motion planning as a nonlinear optimization prob-
lem using the Extensible Optimization Toolkit (EXOTica)
[31]. The planning scene is defined with a complete loco-
manipulation robot model, where the torso is treated as a
floating-base system. In our work, the mobile platform is
holonomic and does not have any restrictions on translation
or rotation, however, these could be added if required. The
state of the robot with N-DoF manipulator is described as:

x = [qbase, qmanipulator] (7)
where qbase = [xbase, ybase, yawbase] (8)

qmanipulator = [q1, q2, q3, ..., qN ] (9)

In this study, we compare two methods of optimization:
one-step and trajectory. Details of the algorithms are dis-
cussed below.

1) One-step optimization: The whole-body one-step opti-
mization is defined as a quadratic cost problem:

argmin
x

f(x)TQf(x) (10)

with cost function:

f(x) =
∑

i

ρi ∥Φi(x)− y∗i ∥ (11)

where ρi is the weight of task i, Φi is the mapping function of
the task map and y∗i is the goal reference. The robot is asked
to reach desired arm’s end-effector position and orientation
in the task space generated by the path planning module.
The 6-DoF robot arm is reduced to a 5-DoF system where
the final joint is ignored since this yaw value does not affect
the arm end-effector tracking. We employ the generalized
inverse kinematics (IK) solver to compute joint position
signals with minimized error with the reference poses, i.e.
a multi-objective optimization over a desired set of tasks.
Joint limits are checked using the robot model definition
in the planning scene. This algorithm computes a single
configuration for robot joints at each step on the trajectory
and continues to the next stage until the whole trajectory is
completed. The optimization loop continuously updates the
current state of the robot as the initial state for the next step’s
optimization problem to avoid local minima and smooth the

robot movement. The cost of the optimization problem is
used to automatically enable base position constraint, aiming
at minimizing base movement and improving scanning time.
Accordingly, if the cost is below a pre-defined threshold, the
problem will transform to a fixed-base manipulator reaching
desired end-effector poses task.

2) Trajectory optimization: For the trajectory optimiza-
tion, we model the whole-body control for a legged mobile
manipulator as a one-step look-ahead nonlinear optimization
in time configuration space with constraints:

argmin
x,u

f(x, u, t), (12)

s.t. h(x, u, t) = 0, (13)
g(x, u, t) ≤ 0, (14)

where u is the control signal. Given the desired end-effector
trajectory, equality constraints h(x, u, t) are set as the arm’s
end-effector position and orientation goal. Meanwhile, in-
equality constraints g(x, u, t) place limits on joint position
and velocity. The trajectory optimization method plans the
control signals, considering the next state on the computed
path, which ensures smooth movement between steps. We
also penalize base movement along the trajectory. We use
variable number of timesteps for the trajectory optimization,
which is found in the computed path from the path planning
module. Instead of generating separate joint positions for
each step, this algorithm computes a complete time-indexed
joint acceleration trajectory. We use second-order derivatives
on cost functions to obtain smooth transitions during hori-
zon planning. A Differential Dynamic Programming (DDP)
solver is applied to solve the trajectory optimization, which is
efficient in handling timing constraints in the control loop. As
the problem is highly nonlinear, this solver is not guaranteed
to converge and needs a specified maximum iteration. We
relax the constraints during approaching the trajectory to
allow the robot more time to settle in the initial step and
follow the path afterwards.

III. EVALUATION

A. Single-surface planning

This section validates the coverage path planning adapt-
ability on different surface types and their coverage quality.
Fig. 4 captures three experiments to validate our work of
planning coverage paths on random surfaces. The distance
from the surface to the paths is adjustable, which allows
different applications for monitoring with visual sensors as
well as other, e.g. contact-based, modalities.

(a) Flat surface (b) Cylinder (c) Non-flat surface

Fig. 4: Coverage path planning results on different surfaces.
The surfaces have been automatically reconstructed and
captured using our method prior to coverage path planning.



Fig. 5: Coverage results of the path planning algorithm over
sensor head width on a flat surface.

In all three experiments, flat contours that are fairly closely
aligned are generated. The regions were selected by the
user to inspect coverage on different parts. Figures 4a and
4b show the system working on flat and curved surfaces
respectively. The path around the vertical cylinder is slightly
distorted at the top but this will still allow full coverage.
Figure 4c shows an attempt of path planning over such
a surface (where the corner formed by the two cylinders
and the rear surface is the problematic area). There is a
large amount of distortion at that corner, but the algorithm
performs better than expected across the remaining portion
of the surface.

We evaluated the coverage percentage of the path planning
module by looking at adjacent contours in sequence. For each
pair of contours, a triangular mesh is generated. This enables
us to calculate both the total area to scan, which is the sum
of the areas of all the triangles, and the area that the scanner
passes over per triangle, which is a trapezium at the bottom
and approximated as a triangle at the apex of the triangle.
Despite this approximation, it should be suitable for the case
where the contours are roughly parallel to each other, which
is the case here.

Fig. 5 plots the percentage of the chosen surface scanned
against the scanner head width. The contours in these tests
are all supposedly 0.03m away from each other, i.e. the size
of each pixel in 2D space. We can see that the algorithm
produces a very high percentage coverage for this width and
those above it, as well as doing well on those slightly below
it. As the scan quality decreases, the percentage of the surface
that is not covered increases. This is due to small kinks in the
path, and fewer points at the edges of each scan. This stops
the edges of the scan from properly aligning, thus creating
a few imperfections in the edges.

Note that Fig. 5 was done using a set of passes over a
flat surface, as shown in Fig. 4a. This produced a coverage
percentage of 99.6%. For the cylinders in Figure 4b, we get
96.0% coverage. This is due to a slightly higher variance
in the spacing of the contours themselves, which in itself is
less due to the curvature and has more to do with the length
of each contour over the surface. With this percentage of
coverage, any flaws in the material that are of finite size are
likely to be detected by the system.

We also deployed our perception pipeline with data col-
lected from a physical environment. Fig. 6 shows that our
work can successfully reconstruct, segment and plan a cov-
erage path on noisy data in the real world.

B. Multi-surface mission planning
A set of scenarios are selected to show how our mission

planning is universal to many coverage planning applications,

(a) Real world (b) Auto-segmented (c) Coverage path

Fig. 6: Perceptive module tested on real environmental data.

as visualized in Fig. 7. In these figures, the blue dot is the
current robot’s end-effector position while green and red ones
represent the computed start and end positions on surfaces.
The complete trajectory in Cartesian space, which includes
both the surface sequence and coverage paths on all surfaces,
is denoted by the blue/green line. This path is the output of
the mission planning optimization pipeline. We use Gurobi
[32] to solve the optimization problem.

(a) Flat surfaces treatment (b) Pipe inspection

(c) Hedge trimming (d) Windows cleaning

Fig. 7: Set of experiments highlighting applicability of our
developed method to a variety of multi-surface coverage path
planning tasks.

Fig. 7a describes a simple scenario with three separate
flat surfaces, which is applicable in material sanding or
wall painting. Meanwhile, Fig. 7b shows that our pipeline
can be used where the coverage planning is obstructed
by a valve and has to follow a cylindrical surface posing
challenges for whole-body motion planning, which is typical
in pipe inspection tasks. These are different types of 3D
surfaces that our system can plan coverage on. Fig. 7c is
a hedge-trimming scenario where coverage paths can be
planned in different directions. This is an example where
the coverage path has to scale to a large 3D structure. Our
mobile legged-manipulator system is also suitable for this
task as the hedge can be on rough or rocky terrains. Finally,
Fig. 7d demonstrates the scalability of the mission planning
framework with 56 surfaces in a window cleaning task. Our
framework can be extended to consider penalizing motions in
different directions (up/down against left/right) for real-world
objective functions – even though our legged robot system is
not suitable for this scenario, the developed method applies to
any floating-base manipulation system, e.g. similar to Skyline
Robotics.Our set of experiments can serve as a benchmark
for measuring multi-surface coverage path planning for loco-
manipulation.



TABLE I: Evaluation of multi-surface mission planning.
Number of surfaces Planning time (s) Optimality gap (%)

2 0.021 0
3 0.007 0
5 0.015 0
10 0.23 0
15 16.856 0
20 1000 38.86
25 1000 68.7
30 1000 74.73

Table I shows the results of our multi-surface mission
planning over the number of surfaces. We set time limit
1000 s for the planning time. The optimality gap is the
expected gap to optimal solution, which is computed by:

|ObjectiveBound− IncumbentObjectiveValue|
|IncumbentObjectiveValue|

The result shows that our pipeline can obtain globally
optimal plans on up to 15 surfaces within 17 s. Longer time
limits should be taken to reach optimality with larger state
spaces, e.g. the 56-surface window cleaning in Fig. 7d.

C. Pipeline integration

We validated our fully integrated system with one-step and
trajectory optimization, and provide a comparison between
the two approaches. The mobile manipulator used in both ex-
periments is a lightweight 6-DOF Kinova robot arm mounted
on an Anymal C quadruped, as shown in Fig. 1b. We attach
an Intel Realsense D435 depth camera to the manipulator’s
wrist for scene reconstruction and visual sensing.

The testing scenario is a multi-surface inspection task
where the robot is asked to scan a region automatically with
input surface from the operator. The full pipeline of our
system includes the following steps:

1) Scan the surface from a location with different angles.
2) Process collected RGB-D images: reconstruct the sur-

face, filter noises, segment objects.
3) Ask the operator to select one or more objects or

custom surfaces to scan.
4) Plan the full coverage path over all selected surfaces.
5) Solve the whole-body optimization problem to get joint

positions control signal.
6) Execute the joint trajectory.
Aiming at comparing performance of the two optimization

methods, steps 1-4 remain the same while we switch between
the one-step and the trajectory mode. The planned coverage
trajectory from step 4 is automatically discretized to a
number of desired poses midway. The one-step optimization
plans control signals for each step on the path. Meanwhile,
trajectory planning method defines time-steps needed to
perform each pose on the path.

The robot first moves to the desired base pose, then the
manipulator is controlled to reach waypoint target positions
and orientations accordingly.

In Fig. 8, we compare task costs, which include position,
angle alignment and joint limit violation, over steps in the
two optimization methods with the same trajectory. All task
weights are set the same respectively in both modes. The
results show that it takes time for the trajectory planning
method to settle on the coverage path, but have better

Fig. 8: Detailed task cost comparison between one-step and
trajectory optimization.

Fig. 9: Joint states comparison between one-step and trajec-
tory optimization.

alignment with significantly lower cost at some poses in later
steps. Notably, no joint limits are violated in the trajectory
optimization. In general, the one-step approach produces
more consistent costs along the coverage path in comparison
with trajectory optimization. This suggests that separating
approach timing from trajectory following could lead to
optimal solutions.

Fig. 9 depicts the joint states computed from the one-
step and trajectory optimization over timesteps. The 9 lines
in each subplot represent control signals for our 9-DOF
system (3-DOF signal for the base and the rest for the
arm). It is clear that joint positions are generally stable in
both modes. However, the one-step optimization has sightly
more fluctuation in these signals compared to the trajectory
approach. In conclusion, the trajectory planning algorithm
generates a smoother movement with significantly lower
velocity.

(a) One-step optimization (b) Trajectory optimization
Fig. 10: Coverage result of our full pipeline.

Fig. 10 visualizes the coverage path tracking on both



motion planning methods. The red lines refer to the generated
trajectory from the mission planning module while the green
lines denote the performed trajectory from the full pipeline
integration. The inspected area is represented by the green
faded padding, where the overlapped region gets a darker
shade. The radius is the sensor head width sent to the
coverage path planning system. In one-step optimization path
tracking (Fig. 10a), the performed trajectory is almost the
same as the generated one, with its padding proving that the
generated trajectory ensures full coverage over the inspected
region. The results show that our system successfully follows
the coverage trajectory and the pipeline efficiently minimizes
overlapping, which optimizes energy in inspection tasks. In
the plots, there are observed small gaps that are not covered
due to the absolute radius (without overlapping) that we set
in the coverage path planning, which can be decreased to
compensate errors from robot motion planning and control.

Supplementary material and videos on our experimental
evaluation are available at https://sites.google.
com/view/multisurface-coverage-planning

IV. DISCUSSION

We have proposed an end-to-end optimization-based
framework for loco-manipulation systems to perform cover-
age path planning in inspection and monitoring applications.
Our main contribution is the introduction of a two-layer
optimization structure for the fully integrated system, where
the coverage mission planning also optimizes the start and
end positions on the surfaces. Additionally, the perception
system automatically reconstructs and segments the environ-
ment scene, which intuitively helps users in selecting the
inspected surface. Along with that, we developed a full-
coverage path planning method that successfully unrolls 3D
meshes from a point cloud, generates a coverage 2D path
and projects it back to the surface. The pipeline can be
universally applied on multiple scenarios and can scale to
large state spaces with longer processing time. The set of
surface sequencing experiments can also be used as a bench-
mark for multi-surface coverage planning. Two optimiza-
tion techniques were evaluated for motion planning, one-
step and trajectory optimization planning. Both approaches
consider robot reachability, alignment, collision avoidance
and capability of base relocation. The results showed that
the trajectory optimization produces a smoother movement
but with less consistency in poses alignment than the one-
step approach. Therefore, the one-step motion solution was
preferred if strict requirement of path following (e.g. contact-
based applications) was in place. Though, better tuning of
trajectory optimization might help this method to produce
similar or better alignment with a lower overall cost.

In the future, we would like to integrate the path cost from
the coverage path planner into the mixed-integer mission
planning objective function. The problem could then be
solved with a black-box optimization solver, e.g., [33]. In
addition, the proposed framework currently assumes that
motion planning can always find a feasible solution that
follows the computed Cartesian path resulting from mission
planning. Therefore, further development can also involve
informing surface sequencing with geometry feasibility and
reachability evaluation.
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Addendum

I would like to add further explanation to the paper “Asymptotically Optimized

Multi-Surface Coverage Path Planning for Loco-Manipulation in Inspection and Mon-

itoring".

Gurobi solver [96] determines optimality with the metric optimality gap (Table I),

which measures how close the current solution is to the optimal solution. Accordingly,

optimality gap is computed by:

|ObjectiveBound − IncumbentObjectiveValue|
|IncumbentObjectiveValue|

,

where

• ObjectiveBound is the best known bound on the optimal objective. When

solving a model, the algorithm maintains both a lower bound and an upper

bound on the optimal objective value. For a minimization model like ours,

the upper bound is the objective of the best known feasible solution, while

the lower bound gives a bound on the best possible objective.

• IncumbentObjectiveValue is the objective value for the current solution. If

the model was solved to optimality, then this attribute gives the optimal

objective value.
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4.2 Discussion

This chapter presented an end-to-end TAMP solution for optimizing coverage

path planning for robotic systems in industrial asset inspections. The framework

is a two-layer hierarchical system that combines mission planning and motion

planning, allowing for automatic planning of a full-coverage trajectory on multiple

surfaces in unknown environments.

For mission planning, we designed a MILP formulation that solves both the

sequence of surfaces and the start and end poses on each surface. We coupled this

multi-surface sequence with a local coverage path planner on individual surfaces to

complete a Cartesian trajectory as the output of the high-level planner. Motion

planner is the second layer that optimises a whole-body solution in configuration

space on a floating-based manipulator in order to control the robot following the

generated end-effector path. We investigated the difference between one-step and

trajectory optimization and discussed the suitable applications for each method.

Our floating planar-base method for the torso allows the system to be adaptable

to both legged and wheeled mobile platforms.

The experimental results evaluate each level of the hierarchical structure and

the overall coverage outcome. Evaluation results show the system’s generality and

adaptability, demonstrated through experiments on surfaces with shape variants.

The mission planning pipeline efficiently sequenced the order of surface inspections

and optimized the robot’s movement across different surfaces. We validated the

scalability of the system to different numbers of surfaces across different scenarios.

For motion planning, one-step optimization consistently produced lower task costs

across steps, resulting in better path alignment and precise coverage in scenarios

where exact path following is crucial. On the other hand, trajectory optimization

provided smoother joint movements and lower velocities, which is beneficial for tasks

requiring fluid motion, but it exhibited slight inconsistencies in path alignment.

Additionally, the perception pipeline sufficiently reconstructs and segments the

environment that assists the users in teleoperation situations. The integration of
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these components into the full pipeline ensured that the robot could autonomously

execute complex inspection tasks and perform full coverage on mobile manipulators.

In conclusion, the proposed framework demonstrates advancements in loco-

manipulation coverage path planning, especially in enhancing the robustness

of multi-surface inspection scenarios. It offers a scalable, optimization-oriented

solution on mobile manipulators, with potential applications extending across

multiple industries.

Lastly, the one-way structure of our hierarchical system assumes that the robot

can find a motion plan for the generated Cartesian coverage path from the mission

planner. There is no re-planning or feasibility check capability during high-level

planning to ensure executability, assuming camera scanning only covers reachable

regions. This motivates us to develop later projects, where task planning and motion

planning are more tightly integrated with reachability-aware planning. Furthermore,

this work investigates multi-surface coverage problems with mobile manipulators in

industrial settings, which is tightly aligned with this problem. We explore more

general-purpose robotic systems in the later chapters.
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5
Reachability-guided Optimal TAMP

This chapter addresses a tightly integrated TAMP solution, where the symbolic

planner and the motion planner interact effectively to obtain robust embodied

intelligence. In the hierarchical optimization-based framework developed in Chapter

4, the optima of each layer might not be the overall optimal solution. Logic-geometric

programming (LGP) [3] interestingly formulated the hybrid TAMP problem in

one optimization formulation, which motivates the development of this chapter.

Specifically, this project explore a TAMP approach with the following aspects

Task specification PDDL
Interaction between task and motion planning layers Integrated
Optimality vs feasibility Optimal
Open-loop vs closed-loop Open-loop
Role of human None

One of the limitations of LGP is that it does not scale well to high-dimensional

systems and can suffer from obstacle avoidance issues. A major cause of those failures

is that high-level strategies might not be aware of the geometric and kinematic

robot-centric constraints, which limit the effectiveness of task planning. Although a

heuristic solution [75] was introduced to incorporate robot constraints, it is simplified

with joint length and cannot capture the dexterity of high-DoF manipulators.
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5.1. R-LGP: A Reachability-guided Logic-geometric Programming Framework for

Optimal Task and Motion Planning on Mobile Manipulators

The problem becomes more complex with long-horizon tasks or multiple–possibly

dynamic–obstacles. Moreover, trajectory optimization with keyframes initialization

appeared to fall into the typical local minima problem of optimization methods.

The contribution of this work is the introduction of a sampling-based reachability

graph that is tightly integrated with LGP to enable solving optimal TAMP on

high-DoF mobile manipulators.

• The proposed graph can incorporate environmental and robot kinematics

information to provide the planner with sufficient geometric constraints.

• This reachability-aware heuristic efficiently prunes infeasible sequences of

actions in the continuous domain, hence, it reduces replanning by securing

the feasibility of the generated plan.

• The reachability graph also provides path guidance to the final layer of LGP -

trajectory optimization - to avoid local minima while encountering obstacles.

5.1 R-LGP: A Reachability-guided Logic-geometric
Programming Framework for Optimal Task
and Motion Planning on Mobile Manipulators

The article in this section was presented at the IEEE International Conference on

Robotics and Automation (ICRA) 2024 [136]. Additional videos demonstrating simu-

lated and real-robot experiments are available online at https://youtu.be/NEVVHEhQnOQ.

© 2024 IEEE. Reprinted, with permission, from Kim Tien Ly, Valeriy Semenov,
Mattia Risiglione, Wolfgang Merkt, Ioannis Havoutis, “R-LGP: A Reachability-
guided Logic-geometric Programming Framework for Optimal Task and Motion
Planning on Mobile Manipulators," in Proc. IEEE International Conference on
Robotics and Automation (ICRA), 2024.

https://youtu.be/NEVVHEhQnOQ


R-LGP: A Reachability-guided Logic-geometric Programming
Framework for Optimal Task and Motion Planning

on Mobile Manipulators

Kim Tien Ly1, Valeriy Semenov1, Mattia Risiglione2, Wolfgang Merkt1, Ioannis Havoutis1

Abstract— This paper presents an optimization-based solu-
tion to task and motion planning (TAMP) on mobile ma-
nipulators. Logic-geometric programming (LGP) has shown
promising capabilities for optimally dealing with hybrid TAMP
problems that involve abstract and geometric constraints. How-
ever, LGP does not scale well to high-dimensional systems (e.g.
mobile manipulators) and can suffer from obstacle avoidance
issues due to local minima. In this work, we extend LGP with
a sampling-based reachability graph to enable solving opti-
mal TAMP on high-DoF mobile manipulators. The proposed
reachability graph can incorporate environmental information
(obstacles) to provide the planner with sufficient geometric
constraints. This reachability-aware heuristic efficiently prunes
infeasible sequences of actions in the continuous domain, hence,
it reduces replanning by securing feasibility at the final full
path trajectory optimization. Our framework proves to be time-
efficient in computing optimal and collision-free solutions, while
outperforming the current state of the art on metrics of success
rate, planning time, path length and number of steps. We
validate our framework on the physical Toyota HSR robot and
report comparisons on a series of mobile manipulation tasks
of increasing difficulty. Videos of the experiments are available
here.

I. INTRODUCTION

Task and motion planning (TAMP) is the process of
decision making that takes a given task as input and outputs a
sequence of robot configurations to complete the task. While
task planning focuses on high-level task-oriented strategies,
motion planning refers to low-level control algorithms that
determine the feasibility of robot motion and the continuity
considering actuation and joint limits, environmental obsta-
cles, or uncertainties. These methods take into account the
variations of sequences of actions that can lead to the desired
goal. Therefore, TAMP planners must address both task-level
and motion-level requirements, which can be solved either
independently or jointly.

A major challenge in TAMP is that high-dimensional
geometric constraints in motion control (kinematics, joint
limits, reachability, etc.) can limit the effectiveness of
high-level strategies. The problem becomes more complex
with long-horizon tasks, higher-degrees-of-freedom robots,
or multiple–possibly dynamic–obstacles. Therefore, the de-
liberative function (high-level task planner) should either
be informed or have sufficient restrictions on the robot’s
physical limitations to produce feasible solutions. Conse-
quently, TAMP requires the integration of both high- and

1K. T. Ly, V. Semenov, W. Merkt and I. Havoutis
are with the Dynamic Robot Systems (DRS) group,
Oxford Robotics Institute, University of Oxford. Email:
{ktien,valeriy,wolfgang,ioannis}@robots.ox.ac.uk.

2M. Risiglione is with Istituto Italiano di Tecnologia. Email:
mattia.risiglione@iit.it.

Fig. 1: Physical HSR performing R-LGP solution for table
clearing task. The captured actions include grabbing knob,
opening/closing drawer, picking object, and dropping object.

low-level planning and TAMP research generally aims to
effectively combine both artificial intelligence techniques in
task planning and advanced motion planning to tackle such
problems.

In this paper we propose a novel TAMP approach to solve
sequential decision-making applications inheriting logic-
geometric programming (LGP) [1]. Our framework generates
optimal plans for complex robot tasks, in contrast to current
approaches that generate solely feasible solutions, for ex-
ample, the well-known TAMP solver PDDLStream [2]. Our
approach tightly integrates a reachability graph with LGP and
allows us to achieve robust, collision-free and kinematically-
efficient solutions to LGP on high-dimensional mobile ma-
nipulators. We explore the efficacy of our framework in a
range of existing TAMP problems of increasing difficulty
and report results on success rates, planning times and path
lengths. Furthermore, we validated on a physical robot, the
Toyota Human Support Robot (HSR), aiming at realistic and
practical applications, where geometry and kinematics must
be respected.

Our main contributions are (1) a LazyPRM-inspired graph
for motion planning on floating-base manipulators, (2) a
reachability graph serving as symbolic and motion guid-
ance for the LGP planner, (3) a kinematically-effective
optimization-based system for TAMP on mobile manipu-
lators. Our novel TAMP approach is a Reachability-guided
Logic-geometric Programming framework, in short, R-LGP.
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II. RELATED WORK

A. Satisfactory TAMP

The main challenge in combining task and motion plan-
ning is their hybrid nature. While task planning involves
discrete task specifications, motion planning is typically
solved in continuous space. Task and motion planning are
traditionally combined on a level basis, which can be de-
coupled or integrated. Accordingly, each layer will keep its
own level of abstraction and the TAMP model should be
able to translate knowledge between the two levels. Given
the introduction of STRIPS (Stanford Research Institute
Problem Solver) [3], robot planning was initially studied
with a decoupled hierarchical structure [4]. The approach
in this early work assumes that motion control can solve
all high-level actions without alternative backtrack solutions.
Meanwhile, integrated TAMP [5] considers failures and can
replan to ensure that the strategy is executable. Common
methods are taking one of the two parts as the base plan and
solving the other level accordingly. For example, Srivastava
et al. [6] introduces a TAMP method that backtracks and
finds alternative task plans if the motion solver fails. Such ap-
proach usually discretizes the continuous space for symbolic
planning. The method can utilize off-the-shelf planners and
state-of-the-art techniques. TMKit [7] is introduced as the
first open-source framework to implement such a structure,
based on [8][9]. There is an opposite approach where the
task search space is bounded by sampling the continuous
workspace [10]. Recently, Kim et al. [11] introduced a
reachability tree-based sampling algorithm that pre-generates
goal state to bias action search. Given that task planning
is usually in a finite domain, having to re-plan the task
sequences is considered to produce a lower cost compared
to continuously checking geometrical feasibility.

PDDLStream [2] extends Planning Domain Definition
Language (PDDL)[12] by using streams to enable sampling
procedures. This work proves to be a modular and domain-
independent approach to TAMP.

B. Optimal TAMP

To reduce complexity, TAMP approaches usually tackle
task and motion planning separately and focus more on
completeness. Solving such problems optimally is difficult
because the optima of each layer might not be the overall
optimal solution. An example can be found in [13], where
the authors used a two-layer hierarchical structure of opti-
mization to find asymptotically optimal solutions to coverage
planning task. Kongming [14] was the first approach to
integrate continuous control variables in an activity planner.
The method combines a Planning Graph for discrete actions
and Flow Tubes for continuous actions, which was modeled
as a mixed logic linear (non-linear) program. The method
ties to a fixed time discretization, which is difficult to apply
on long-horizon tasks. However, it brings up the need for
a tightly coupled task and motion planning framework in
robotics applications.

Toussaint [1] introduced the logic-geometric programming
(LGP) algorithm, which formulates TAMP as a mathematical
program that uses optimization methods to find locally
optimal plans instead of solely feasible ones. The task in this

work is to build the highest stable tower from a list of blocks
and boards. By bringing logic into geometry, LGP does
not need to arbitrarily discretize the continuous space and
directly optimize continuous solutions. An extended work
from the team [15] integrated RRT to reconstruct a large
pavilion. Although the method solves the issue when the
optimizer fails in a cluttered environment, the system ignores
system uncertainties. Variants of LGP papers include a
heuristics method for long-horizon tasks [16][17], a dynamic
LGP for human motion prediction [18] or an approximation
solver for cooperative manipulation [19]. Other optimization-
based mathematical approaches to TAMP is constraint pro-
gramming (CP) [20] [21] and mixed integer programming
(MIP) [22] [21] [23]. CP is a more general term than MIP,
Booth et al. [21] did a comparison between MIP and CP and
concluded that inference-based CP is better than relaxation-
based MIP in terms of time and solution quality. This work
is tested on simulation and claims to be case-sensitive. MIP
is originally a decision making and scheduling method that
solves non-convex problems. When it comes to robotics plan-
ning, this optimization solution can help to capture discrete
decisions with integer variables. Deits et al. [24] introduced a
planner that uses MIP to generate globally optimal sequences
of footsteps in difficult terrain. Multi-robot task planning
is a common application of MIP [25][26]. In short, these
mathematical techniques allow encoding logical decisions
and geometric constraints in nonlinear optimization models
without backtracking, targeting globally optimal strategies.

As more interest has been driven to solving TAMP op-
timally, besides mathematical programming, a recent work
from Thomason et al. [27] proposes asymptotically optimal
decision-making using informed tree search. The model
effectively combines constraint-based symbolic planning,
distance-based predicate representation, and batch-sampling-
based optimal motion planning to solve a hybrid state
space problem. Recently, inspired by LGP, Sleiman et al.
[28] introduced an offline bilevel optimization planner that
solves multi-contact problems on loco-manipulation system.
The system successfully plans whole-body motion for a
quadrupedal mobile manipulator to open/close doors and
dishwashers.

III. PROPOSED FRAMEWORK OVERVIEW

In LGP, the authors solve TAMP with three levels of
approximation and switches between symbolic search and
configuration optimization that is conditioned by symbolic
decisions. While level 1 decides the symbolic sequence,
levels 2 and 3 optimize keyframes (e.g. grasp poses) and
full path respectively. An extended work, RHH-LGP [16],
proposes a heuristic to guide the symbolic search in level
1. The kinematic reachability here, which is an important
factor to the feasibility of the action sequences, is fixed
or calculated using Euclidean distance or the length of
robot’s links. In this work, we extend LGP with a sampling-
based reachability graph to enable solving optimal TAMP
on high degrees-of-freedom (DoF) mobile manipulators.
The proposed reachability graph can also incorporate en-
vironmental information (obstacles) to provide the planner
with sufficient geometric constraints. This reachability-aware
heuristic efficiently prunes infeasible sequences of actions



Algorithm 1 Reachability-guided LGP

Require: symbolic goal g, initial symbolic state s0, initial
configuration x0, world W

1: s← s0
2: while not s ∈ Sgoal(g) do
3: PathFound ← False
4: SymbolicSearch ← s
5: Switch ← ø
6: Path ← ø
7: while not PathFound do
8: // Construct reachability graph
9: RG = constructRG(W )

10: // Symbolic search
11: n← SymbolicSearch.argmin(heuristicCost(RG))
12: Switch.append(n)
13: if not n ∈ Sgoal(g) then
14: SymbolicSearch.append(n.expand())
15: else
16: // Optimize over kinematic switches
17: if SwitchOptimization(Switch) then
18: waypoints ← getWaypoints(RG, n)
19: Path.append(waypoints)
20: // Optimize over the full path
21: if PathOptimization(Path) then
22: PathFound ← True
23: s← n
24: else
25: break

in the continuous domain. Hence, it reduces replanning by
securing feasibility at the final full trajectory optimization.

Our reachability-guided LGP (R-LGP) pipeline is de-
scribed in Algorithm 1. The proposed reachability graph
serves as a guide to the first (symbolic) and final (full
path) layers in LGP. In the pipeline, nodes chosen from the
symbolic search, with the help of our reachability heuristic,
will be sent to the kinematic switch optimization. Once
a feasible sequence is found, the system will solve the
full path optimization with the guided path from the pre-
computed reachability graph. The main contribution of the
graph is twofold: a) to provide a heuristic that informs the
LGP’s symbolic planner about kinematics and geometry; b)
to provide collision-free guidance to the LGP’s trajectory
optimization at level 3 (full path), in order to avoid local
optima.

IV. REACHABILITY GRAPH

The reachability graph is designed in a LazyPRM-like [29]
manner. We compute the graph with node validation and edge
checking during planning.

A. Graph generation
This section explains the constructRG function in Algo-

rithm 1.
1) Node sampling: Nodes are randomized in task space

x ∈ R3 with uniform distribution U(pmin, pmax). Nodes in
the graph represent end-effector positions of the mobile ma-
nipulator, which sufficiently denotes robot reachability. We
validate nodes with a constrained optimization formulation.

The robot model is defined as a loco-manipulation system
with a floating-base torso as in Eq. 1, where m is the number
of DoFs of the manipulator. This allows the framework to be
implemented on either legged or wheeled mobile platforms.
In our work, the mobile platform is holonomic and does
not have any restrictions on translation or rotation, however,
these can be added in as constraints.

q = [qbase, qmanipulator],

where qbase = [xbase, ybase, ψbase],

qmanipulator = [q1, q2, q3, ..., qm].

(1)

The nonlinear optimization formulation for node valida-
tion is defined in Eq. 2, where x0 is the checked node,
representing the reference for the robot end-effector position.
gprec() checks collision between the inspecting node and
the environment, and determines the precondition for the
optimization with a constant M → +∞. This condition
removes unreachable nodes for the sake of processing time.
On the other hand, fkin() computes the end-effector position
x that corresponds to the joint values q. Function g() defines
inequality constraints for whole-body joint limits and colli-
sion. In the reachability graph, orientation of the end-effector
is not constrained for flexibility and generality. Our graph is
designed to generate a guiding cost and path for LGP. The
full trajectory optimization, with orientation constraints, will
then be computed on the final layer with constraints for the
relevant manipulation action.

min
q

M ·max(0, gprec(x0)) + |x− x0|2

s.t. gprec(x0) f 0,

x = fkin(q),

g(q) f 0.

(2)

After collision and inverse kinematics (IK) validation is
performed, the node is added to the graph’s node list N
as n(x, q, c). While x ∈ R3 is the end-effector of the
robot, q ∈ R3+m denotes the optimized IK configuration.
c equals to the cost value from the optimization solution.
The sampling process stops when the number of N reaches
a predefined number Nnode.

2) Edge connections: As mentioned, we relax edge con-
nection by assuming all edges are collision-free. For each
sampled node in the list N , we connect to k nearest neigh-
bours without checking for collision. Each edge is added to
the graph with the cost defined in Eq. 3. The cost includes
a combination of weighted Cartesian and configuration Eu-
clidean distances between two end nodes, along with nodes’
costs. wx, wq and wc are the correspondent weights for the
Cartesian, configuration distance and IK cost.

ce = wx · ∥x1 − x2∥+ wq · ∥q1 − q2∥+ wc · (c1 + c2) (3)

B. Path querying
1) Solution library: The reachability graph runs as an

underlying service, waiting for the LGP planner to query
two ends of a path. The service leverages a library to store
previously computed solutions to avoid replanning for the
same path and save planning time. During symbolic search
in the first LGP’s layer, the planner might iterate through
different logical sequences and query a path in opposite



directions. For instance, a first call may seek a path from
A to B, and subsequently, a solution from B to A. This is
beneficial for tasks at the same levels, where one does not
have a precondition on another action’s completion.
The structure of each solution is shown in (4), where key
contains the start and end point of the path, path and cost
come from the resulting solution with n being the number of
nodes on the path. Noted that the final configuration in path
q1n matches x2 Cartesian pose. Each key is unique across
the library in sorted order, and is used to query the data
bidirectionally. On each call, the service checks the library
and returns the stored solution. If the requested key is new to
the library, the system starts to query the graph for the path.
The answer is then added to the library for future reference.

solution = {key: (x1, x2) , xi ∈ R3

path: [q10, q11, ..., q1n] ∈ Rn×(3+m)

cost: h}
(4)

In this data structure, cost is returned if the pipeline is
querying heuristic cost, which is the function heuristicCost
in Algorithm 1. When the framework reaches the final layer,
path serves as guidance for trajectory optimization, accessed
through the function getWaypoints.

2) Path planning: The reachability graph planner receives
two Cartesian positions for each path querying message key
as starting point and ending point, naming xk and xk+1.
Nodes corresponding to xk and xk+1 are added to the graph
upon solving (2). Collision is checked for connecting these
two nodes to the existing graph. If either xk or xk+1 is
unable to connect to the graph, we start enhancing the
node. Gaussian sampling is applied with in-loop decreased
covariance to find adjacent nodes as waypoints to connect to
the existing graph. During this process, collision checking on
both nodes and edges is performed to ensure a meaningful
enhancement.

We use Dijkstra for finding the shortest path in the graph.
We verify the path by checking collisions on all connected
edges. We linearly interpolate the trajectory in configuration
space with a predefined number of steps L. An edge with a
detected collision is removed from the graph and replanning
is triggered. In the case that any node loses all connections
due to edge removal, it will be enhanced with the same
method as starting/ending node enhancement. The difference
is that the inspecting node can be replaced with an effective
sampled one, which has the lowest IK cost c and is able to
connect to the graph. In this sense, we ensure that the graph is
fully connected, meaning that no subset is disconnected from
the rest of the graph. During planning, the system updates
the graph with enhancement and edge removal, benefiting
future planning queries.

The flowchart in Fig. 2 shows in detail the path planning
algorithm along with the interactions between the reach-
ability graph and the LGP framework. The heuristic cost
h is used internally in the symbolic search level. Before
entering into the last stage of LGP, we interpolate [qk, qk+1]
(k ∈ [0, T − 1]) with corresponding [qk0, .., qkn] as input
guidance for full path optimization.

Fig. 2: Path querying system in R-LGP.

V. EVALUATION

A. Simulation evaluation

In order to validate our approach, we propose a set of
simulations and hardware experiments, performed on the
PR2 and HSR robots. Our baseline for comparison is the
heuristic-based LGP - RHH-LGP [16]. In addition, we com-
pare our system against PDDLStream [2], the most popular
and ready-to-use TAMP solver. We implemented the adaptive
version of PDDLStream, which claims to outperform all
other approaches for cost-sensitive problems. This allows
us to set a priority on minimizing path length. There is
an optimal flag in PDDLStream solver which determines
whether or not the planner should explore more options
and conclude with the best solution. We name PDDLStream
nonoptimal and PDDLStream optimal for PDDLStream with
optimal set to false and true respectively.

The experiments are designed to address the ability in
accommodating geometric and kinematic constraints in in-
tegrated TAMP problems. We conducted an extensive eval-
uation with 100 runs in simulation for each experiment. All
random tasks are intentionally feasible. The recorded metrics
are:

• Success rate: the number of collision-free TAMP solu-
tions over the total number of runs.

• Planning time: average time taken to get to successful
solutions.

• Path length: average length, in meters, of the robot’s
base trajectory, assuming a floating-base robot.

• Number of steps: average number of steps to complete
the given task. For this metric, we only consider key
switches, e.g. pick, place, which intuitively correspond
to the number of objects.

1) Pick and place: In this scenario, the PR2 robot is asked
to pick and place 3 objects on the tables to the tray. This is
a default TAMP task in the PDDLStream framework and is
widely used in TAMP development [2]. The objects are at
random positions on the table over 100 runs. We set a fixed



Fig. 3: Comparison result of the TAMP planners on pick and
place task.

table size and all random poses are reachable from one side
of the table.

The results in Fig. 3 show that the PDDLStream optimal
solution is better in path length and step count than the
default PDDLStream, although the latter achieves a shorter
planning time. With PDDLStream solutions, PR2 tends to
travel to the side of the table nearest to the object to pick it up
regardless of reachability. LGP frameworks provide shorter
trajectories by not navigating around the table, hence, also
reduce the execution time. Apart from optimality, as opposed
to PDDLSream, LGP frameworks achieve 100% success rate.
Our R-LGP framework effectively reduces planning time
leveraging the reachability heuristic.

2) Sorting: We increase the complexity of both task
planning and motion planning in this task. The robot is asked
to sort objects into trays with the same colors. Unlike the
classic sorting task, we extend the experiment to address
the reachability and mobility awareness of the system. In
particular, we use larger table tops in this test, and random-
ized objects can be out-of-reach from one side of the table.
This task requires TAMP solvers to accommodate obstacle-
free configuration trajectories in solving high-level tasks,
specifically requiring the robot to navigate around the table.
To ensure all tasks are feasible, we constraint the objects’
randomized locations to be within reachable distance from
at least one side of the table.

In Fig. 4, it is worth noticing that the baseline RHH-LGP
fails to plan a collision-free trajectory in 50% of the cases.
Due to local optima in trajectory optimization, RHH-LGP
planner can only solve tasks where the randomized location
is within reach from the same side to the current position.
This issue then filters runs with shorter path and results in
a shortest average path length. PDDLStream optimal and R-
LGP provide similar quality of final solutions with the same
success rate of 100%. However, the planning time in R-LGP
is significantly reduced from 48s to 2s.

Fig. 5 captures an example of TAMP results for the sorting
task with the LGP baseline (a) and our planner (b). In the
figures, the robot’s base trajectory is shown in yellow line,
which also denotes the resulted task sequence. In RHH-LGP,

Fig. 4: Comparison result of the TAMP planners on sorting
task.

(a) RHH-LGP (b) R-LGP

Fig. 5: TAMP results. Objects are initially spawned on
the grey table and should be put on the table with the
same color. R-LGP outperforms RHH-LGP in generating
reachability-aware robot base trajectory (yellow lines) and
avoiding collisions (red lines).

the planner considers the distance-based heuristic, hence,
decides to sort the green block first. Meanwhile, our heuristic
cost informs the high-level planner that the robot must
go around the table in order to pick up the green block.
Therefore, the decision to pick the blue block first produces
a shorter travelling cost. With the help of the reachabil-
ity graph, the symbolic planner can consider the cost of
navigating taking into account reachability capabilities. In
terms of full trajectory optimization, the red line shown in
Fig. 5a is the violation of collision checking in RHH-LGP.
We successfully solve this issue with the guidance from the
reachability graph to the final layer in LGP, which enables
the collision-free path in Fig. 5b.

B. Real robot validation

We validated our framework on a physical HSR. We
implemented 2 tasks of increasing difficulty:

• Sorting task: the robot is asked to pick objects and place
in the correct trays (Fig. 6).

• Table clearing: the task is to put objects from the surface
into the drawer (Fig. 1).

In this real-world experiment, R-LGP proved to
successfully solve a longer-horizon task with table



Fig. 6: Physical HSR using R-LGP solver in sorting task.

clearing. The desired symbolic sequence of this mis-
sion is (take knob, open drawer, pick object, drop object,
take knob, close drawer). Figure 1 provides a visualization
of the listed behaviours. Treating take knob separate to
open drawer and close drawer, the work can also be applied
to opening/closing drawers, cabinets or doors. In our trial, the
stair-like cabinet, as shown in Fig. 1, also poses a challenge
of reachability awareness and obstacle avoidance. When the
object is placed on the lower step, picking up action must
consider that certain directions are blocked by the step above
it.

In the sorting task, the R-LGP planner generated the result
in 2s for 4 steps, with 2 objects correctly placed. It took
longer for table clearing, 17s, to plan the long sequence
with 6 separate steps, which the robot travelled 9m. In both
examples, with our R-LGP solutions, the HSR robot can
perform the task robustly with an optimal and collision-free
trajectory.

C. Reachability graph evaluation
For each environment, we precompute the reachability

graph only once. On average, the reachability graph is built
within 14.2s with 200 samples over the specified workspaces.

We designed the sorting task to evaluate the robustness and
completeness of our reachability graph, as this environment
has more geometric constraints to consider during motion
planning. Figure 7 visualizes our reachability graph for this
scenario. The pre-built reachability graph is shown in Fig.
7a. In this step, nodes are validated with a collision-free
configuration state and neighbour edges are all connected.
The generated solution for the whole successful trajectory
is plotted in the red line in Fig. 7b. The solution suffi-
ciently produces a collision-free guidance path that has an
understanding of the robot kinematics and reachability. This
resulting path provides LGP with meaningful heuristic cost
and trajectory guidance. The enhanced graph after a few
queries is also denoted in Fig. 7b. The green lines represent
added nodes and edges while searching for paths. In this
example, the enhancement is mainly around the middle table,
as objects for sorting are randomized on this table. The graph
is updated over time, where edges in collision are removed
and new nodes are added. This reduces planning time for
subsequent queries in the same workspace.

VI. CONCLUSION

R-LGP, our proposed framework, provides a robust so-
lution to TAMP on mobile manipulators, which is tightly
integrated to LGP. The introduction of the reachability graph
not only successfully informs the LGP symbolic planner with

(a) Pre-built

(b) After planning

Fig. 7: Reachability graph before and after planning. The red
line is an example of the generated guided path, and green
lines present the graph enhancement over time.

information regarding reachability and mobility capabilities
but also resolves local optima in trajectory optimization. The
reachability-aware heuristic cost helps to prune out infeasible
trajectories at the first layer, hence, reducing failures at the
final full trajectory optimization. Despite being a sampling-
based graph, it boosts the efficiency of both symbolic search
and trajectory optimization without loss of optimality for
LGP. As a result, the system is time-efficient in generating
optimal TAMP solution while respecting robot geometry
and kinematics. We presented an extensive evaluation to
validate the framework, including real-world experiments on
the Toyota HSR robot. In comparison to the state-of-the-art
PDDLStream in the basic pick and place task, we reduced
path length by 10 times with 6 times quicker solving time.
The sorting task experiment highlighted the drawbacks of
the current LGP framework, where environmental constraints
can adversely affect symbolic planning. Without guidance,
the baseline also fails to generate a collision-free trajectory.
Hence, we achieved twice better success rate and improved
completeness of the LGP solver. While sampling-based mo-
tion planning does not provide optimal solutions in limited
time, our proposed reachability graph integrated to LGP
can solve optimal TAMP. An avenue for future work is
pruning task-specific constraints for TAMP on long-horizon
applications. In our current framework, we are addressing the
motion rather than task knowledge, and we believe pruning
will help with scaling up to larger state spaces.
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Errata

I would like to note the following correction to the paper “R-LGP: A Reachability-

guided Logic-geometric Programming Framework for Optimal Task and Motion

Planning on Mobile Manipulators".

Location: Section IV.A.1., Equation 2.

Original text:

min
q
M · max(0, gprec(x0)) + |x− x0|2

s.t. gprec(x0) ≤ 0,

x = fkin(q),

g(q) ≤ 0.

Corrected text:

min
q

|x− x0|2

s.t. gprec(x0) ≤ 0,

x = fkin(q),

g(q) ≤ 0.

This correction does not affect the overall results or conclusions of the paper.
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5.2 Discussion

In this paper, we proposed Reachability-guided Logic-Geometric Programming

(R-LGP), an optimization-based reachability-aware TAMP framework for mobile

manipulation. With a reachability graph developed as guidance to both the symbolic

planner and trajectory optimization, our approach reduces the need for replanning,

ensuring that the final trajectory optimization yields feasible and collision-free paths.

Our reachability graph is designed as a lazy-PRM structure that verifies joint

feasibility with nodes being end-effector poses. The pre-generation phase involves

checking whole-body feasibility in Cartesian and configuration space, which solves

an IK formulation considering both geometric and kinematic constraints. For

simplicity, edges are only checked during querying. The sampling-based graph

captures the robot-specific requirements while ensuring sufficient exploration of

the operating environment.

The results demonstrate the framework’s effectiveness in both simulated and

real-world environments. R-LGP consistently outperforms state-of-the-art TAMP

solvers like PDDLStream [31], achieving higher success rates, reduced planning

times, and shorter path lengths across mobile manipulation tasks. PDDLStream

underperforms in path length and number of steps by outputting redundant actions

(e.g. in our pick-and-place task, the robot picks an object and puts it somewhere

instead of inside the tray), which essentially solves the problem from a feasibility

perspective. Moreover, the success rate of PDDLStream is lower as it doesn’t

consider all object states during planning, and with a small tray, it fails to place

all objects given the constrained space. Regarding LGP, the integration of the

reachability graph efficiently boosts planning time and resolves local minima issues

in the baseline, the heuristic-based LGP [75], hence increasing the success rate by

twice in obstacle-rich environments. The framework was validated on the HSR in

real-world experiments, where it completed complex tasks, such as object sorting

and table clearing, with optimal, collision-free trajectories.

Our framework introduces a novel approach for integrating robot constraints

into high-level planners, ensuring that these planners are informed of both the
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robot’s physical and kinematic limitations during task and motion planning. This

approach leverages the strengths of both sampling-based and optimization-based

techniques, combining the efficient exploration capabilities of sampling with the

precision and optimality of optimization methods. The fusion of these techniques

allows our framework to handle complex, high-dimensional problems, making it

particularly well-suited for mobile manipulators to obtain robust and time-efficient

TAMP solutions.

Despite the system’s strengths, there are several limitations that should be

considered. Firstly, although PRMs are probabilistically complete, this property

does not hold in R-LGP because the reachability graph is constructed in the

end-effector space rather than the configuration space. Another limitation we

encountered during the development of our framework is the significant effort

required to manually define tasks using a formal planning language, which involves

specifying action predicates, effects, and the relationships between them. This

process can be time-consuming with trials, as it requires precise descriptions of

every possible action the robot can take and how these actions influence the

environment. As a result, the manual task definition process introduces a potential

bottleneck in scalability and flexibility. This limitation highlights the need for

more automated or adaptive methods for task specification that could reduce the

reliance on manually crafted formal descriptions, which motivates our next project

in Chapter 6. Moreover, R-LGP remains an offline planner with a focus on optimal

solutions. Developing an online and reactive planner is also our goal in Chapter 6.
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6
Interactive Lightweight Robotics Planner

This chapter includes two papers that jointly target a generalizable TAMP with

the following characteristics:

Task specification Natural language
Interaction between task and motion planning layers Decoupled
Optimality vs feasibility Optimal
Open-loop vs closed-loop Closed-loop
Role of human Human-in-the-loop

Given the limitation of the TAMP solution in Chapter 5, where tasks and actions

are manually defined by engineers with formal language, this chapter studies the use

of LLM in the context of robotics planning. As LLM models are trained on large-scale

web data, they obtain a good understanding of the world, which can be deployed

into robotic systems in order for them to understand the tasks and actions’ effects.

As the robot can obtain the world information from LLM, the next question is

how this knowledge is personalized to the robot itself, enabling embodied intelligence.

In this project, we study how robots can effectively make use of foundation models

to obtain seamless human-robot interaction and how robot-centric constraints are

informed in the system. The framework targets important characteristics of TAMP

solutions including interpretability, reliability, robustness and scalability.
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6.1. InteLiPlan: Interactive Lightweight LLM-Based Planner for Domestic Robot

Autonomy

In this chapter, we introduce a multi-modal LLM-based robotics planner with a

plug-and-play structure that facilitates the integration of SOTA modules.

• The model fuses human input with natural language task, perception, and

feasibility modules (from the reachability graph designed in R-LGP - Chapter

5) to output an executable plan.

• We include a failure recovery pipeline with user instructions, taking advantage

of human knowledge and perception. This study addresses online and

interactive planning and makes a good combination of the plan-on-the-go

feature of the work in Chapter 4 and the general-purpose domestic planner as

in Chapter 5.

• The developed framework provides a light-weight LLM solution that allows

real-time on-board computing.

• In addition, Section 6.2 includes the collaboration work with my substantial

contribution that complements the main development of this chapter, which

introduces a generalizable motion policy serving the motion library of the

LLM-based planner.

6.1 InteLiPlan: Interactive Lightweight LLM-Based
Planner for Domestic Robot Autonomy

. The article in this section was submitted for review. Our project website is

available online at https://kimtienly.github.io/InteLiPlan

© 2024. Reprinted, with permission, from Kim Tien Ly, Kai Lu, Ioannis Havoutis,
“InteLiPlan: Interactive Lightweight LLM-Based Planner for Domestic Robot
Autonomy," Under Review.

https://kimtienly.github.io/InteLiPlan


InteLiPlan: Interactive Lightweight LLM-Based Planner
for Domestic Robot Autonomy

Kim Tien Ly1, Kai Lu2, Ioannis Havoutis1

Abstract— We introduce a lightweight LLM-based frame-
work designed to enhance the autonomy and robustness of
domestic robots, targeting onboard embodied intelligence. By
addressing challenges such as kinematic constraints and dy-
namic environments, our approach reduces reliance on large-
scale data and incorporates a robot-agnostic pipeline. Our
framework, InteLiPlan, ensures that the LLM model’s decision-
making capabilities are effectively aligned with robotic func-
tions, enhancing operational robustness and adaptability, while
our human-in-the-loop mechanism allows for real-time human
intervention in the case where the system fails. We evaluate our
method in both simulation and on the real Toyota HSR robot.
The results show that our method achieves a 93% success rate
in the fetch me task completion with system failure recovery,
outperforming the baseline method in a domestic environment.
InteLiPlan achieves comparable performance to the state-of-the-
art large-scale LLM-based robotics planner, while guaranteeing
real-time onboard computing with embodied intelligence. More
information about InteLiPlan can be found at the project
website: https://kimtienly.github.io/InteLiPlan.

I. INTRODUCTION

In recent years, the integration of artificial intelligence (AI)
into robotics has led to significant advancements in automa-
tion and autonomous systems [1]–[5]. A key development in
this field is the application of large language models (LLMs),
such as GPT [6], [7], LLaMA [8], [9], and Mistral [10],
which have proven to be powerful tools for understanding
and generating human-like text. These models offer novel
approaches for enhancing human-robot interaction and en-
abling more intuitive decision-making processes in robotics.

Despite their impressive capabilities, applying LLMs in
robotics presents unique challenges [11]. These challenges
stem primarily from the constraints of robot kinematics and
the dynamic nature of the environments in which robots
operate. Additionally, integrating these generative models
within the existing robotics pipelines is non-trivial, as these
are usually tightly coupled system of perception, planning,
and actuation. Having such system running in real-time
robotic deployment also poses a significant challenge due to
the computational overhead. Moreover, robotic motion safety
and robustness are critical concerns in human-robot environ-
ments. Therefore, developing a general-purpose autonomous
robotic system in domestic scenarios remains a challenging
open problem.

This paper proposes a lightweight LLM-based frame-
work designed for domestic robots, aiming to address the
aforementioned challenges. Our approach reduces reliance

1: K. T. Ly and I. Havoutis are with the Oxford Robotics Institute, Uni-
versity of Oxford. Email: {ktien,ioannis}@robots.ox.ac.uk.

2: K. Lu is with the Department of Computer Science, University of
Oxford. Email: kai.lu@cs.ox.ac.uk.

Fig. 1: Step-by-step execution of InteLiPlan result on the
physical HSR. In our system, the robot receives requests and
guidance from humans, e.g., pick-and-place of an orange.
Our lightweight onboard planner will generate the robot
actions for the task as shown in the figure.

on large-scale data and develops a robot-agnostic pipeline.
Furthermore, we detail strategies to mitigate kinematic con-
straints through real-time feasibility checks, ensuring that
decision-making processes facilitated by LLM align effec-
tively with the physical capabilities of robots.

An integral part of our framework is the human-in-the-
loop (HITL) mechanism, which allows the system to handle
system failures (e.g., partially observable environment, vision
failures due to lightning, etc.) through human intervention.
This feature is critical for maintaining autonomy, especially
in complex environments where decisions by LLM may fail
to execute. The system allows human operators to input
corrective actions directly, facilitating on-the-fly adaptation
to new or unanticipated situations. This real-time interaction
not only enhances the robustness and reliability of robotic op-
erations but also enables fine-tuning of the LLM’s responses
in accordance with human guidance.

By tackling these critical issues, our framework not only
enhances the practical applicability of LLMs in robotics
but also paves the way for more intuitive and responsive
robotic systems capable of complex interactions and tasks in
varied real-world scenarios. In summary, our contributions
are: noitemsep

• An interactive robotics task planner that integrates user
command, visual perception, and feasibility score mod-



ules into a cohesive multimodal framework.
• A human-in-the-loop planner that allows intuitive user

intervention for robust failure recovery, enhancing the
autonomy of the robotic system at hand.

• A lightweight solution to real-time onboard LLM-based
robotics planner.

II. RELATED WORK

A. LLMs for Robotic Systems

The application of LLM models in robotics, driven by
recent advancements in natural language processing, has
become a focal point of intensive research [12]. Silver et
al. [13] integrates a large language model (LLM) to interface
with planning domain definition language (PDDL). Similarly,
Plansformer [4] requires PDDL domain inputs and fine-tunes
the transformer model on planning problems. Although the
PDDL interface is a neat approach to use with the current
task planner, it is difficult for end-users to add new tasks.
Alternatively, Liang et al. [5] utilize LLM for generating code
policies that can be executed on the robot. However, they
do not account for the robot’s kinematics or geometry in the
planning process, which is critical in real-world applications.

Conversely, SayCan [1] and Text2Motion [14] are no-
table for considering geometric feasibility when planning
the action sequence. PIGINET [15] instead introduces a
transformer-based plan feasibility predictor to be integrated
in a TAMP planner. The method fuses 6 cameras, making
it harder to deploy in domestic setting. Recently, applying
vision-language models (VLMs) [16]–[18] in robotics is
another promising direction. Robotics transformer (RT)-2 [3]
employs vision to enable a more generalizable approach to
its former version RT-1 [2]. Although these models report
robust embodied intelligence, their large size necessitates
reliance on cloud-based systems. In contrast, we explore how
onboard, LLM-based models can achieve similar cognitive
capabilities while operating independently.

B. Human-Robot Interaction for Autonomy

Recent research indicates that LLMs may not fully repli-
cate human reasoning capabilities [19]. Consequently, in-
tegrating HITL proves essential for maintaining the relia-
bility and safety of robotic systems [20]. Vemprala et al.
[7] implement ChatGPT with HITL, emphasizing the dual
benefits of enhanced model training through human feedback
and increased safety during operations. And Ren et al. [21]
focus on human-robot interaction, where the robots decide
whether or not to ask for human intervention. Meanwhile,
our platform incorporates multimodal structures that consider
human interaction, vision, and action feasibility.

C. Replanning for Failure Recovery

Failure recovery has been addressed widely in literature for
robotics planners. When it comes to LLM-based solutions,
researchers typically address replanning from a second-
level action check when the plan is generated [22] [23].
Vision-language models are also implemented to describe
the error from the scene [24]. On the contrary, we designed
a multimodal LLM-based planner that incorporates action

Fig. 2: System overview. Our multimodal planner integrates
user command, visual perception, and action feasibility score
as inputs to a fine-tuned lightweight LLM. The LLM will
then generate an action sequence for a real robot to perform
mobile manipulation tasks.

feasibility during generating the plans, which helps to reduce
the time taken for re-querying the planner.

D. Data-efficiency in LLM-based robotics planner

LLM-based models are usually data-intensive, demanding
substantial training datasets to perform optimally. In robotics,
this demand poses a significant challenge, as collecting large,
diverse, and representative datasets from physical robots is
time-consuming, labor-intensive, and costly. For instance, RT
series [2], [3] introduces an end-to-end approach to applying
transformers to robotics, requiring a large amount of data
collected in seventeen months to map language to actions.
Similarly, Lynch et al. [25] proposes an interactive method
for language-conditioned robot skills, compiling a dataset
through 2.7k hours of collection on real robots. Prompt
engineering, on the other hand, has shown promise in ap-
plying LLM to robotic tasks in zero-shot manner [26]–[28].
However, it is not robust in real-world execution without
properly understanding the operating environment. Our work
introduces a widely applicable LLM-based framework that is
easy to deploy on different robotics platforms, as it does
not require robot-specific data. Therefore, the framework
guarantee reproducibility.

III. METHODOLOGY

A. Problem Statement

Our work involves a mobile manipulator interacting with
non-expert users to perform a human request. During oper-
ation, the robot receives input from the user U , which can
be either a request or guidance for the robotic agent. The
centralized planner, InteLiPlan, takes in the user input and
the internal vision and motion verification functions, in order
to generate a feasible plan. If a plan is found, the sequence
of actions will be executed from a predefined skill library.
If a failure is detected, the robot will notify the reason and



ask for human instruction. The skill library defines a list of
one-step actions such as picking or placing objects.

The robot obtains environmental information from a vision
module, which is a state-of-the-art object detection model,
processing from the onboard RGB-D camera. The visual de-
tection is represented as O. The motion verification module
assesses the feasibility score F of the action during planning.

Our work studies a real-time onboard LLM-based robotics
planner, with the ability to interact with human in natural
language and re-planning upon guidance. InteLiPlan is eval-
uated with domestic tasks, aiming at a human-centric and
interpretable framework.

B. Interactive Planner with Multimodal Perception

Our planner utilizes a fine-tuned LLM model, which takes
multimodal inputs from the user (U ), visual observation (O),
and motion feasibility (F ), as shown in Fig. 2. Before feeding
to the central planner, the system evaluates the inputs in the
following order: U , O, F . Algorithm 1 explains the internal
interaction between the modules. When the user sends a
command to the central planner, the object list is extracted
and sent to the vision module. Then, the object detector runs
as a service that checks if the mentioned items are found
in the current observation. The motion verification module
depends on the vision module to get the object position,
which acts as the desired end-effector goal to execute the
action. We keep track of the conversation by inserting a
history H to each planner call. H is initialized empty and
records the human-robot interaction over time.

Algorithm 1 InteLiPlan pipeline

Require: user U , robot R, interaction history H ,
vision module O, feasibility module F

1: inputs ← U .input()
2: objects list ← R.extract(inputs)
3: H ← None
4: while not (R.task is complete() or time out()) do
5: objects loc ← O.get position(objects list)
6: result ← R.plan(H , inputs, O.is seen(objects list),

F .get score(objects loc))
7: if R.get failure(result) then
8: H ← H + inputs + R.get failure(result)
9: inputs ← U .get guidance()

10: else
11: R.execute(R.get plan(result))

InteLiPlan is formulated as A = ϕ(H,U,O, F ), where
A = {at, ..., at+T } representing the outputted sequence of
actions. While U is the direct input from the user, H , O and
F are the internal conversations of the system. H is a quoted
string that tracks the previous conversation. We design O as
a text-based feedback from the observation, and F ∈ {0, 1}
as a binary signal indicating the feasibility of the action. The
multimodal inputs to the planner are represented in specific
tokens: <history>, <user>, <vision>, <feasibility>, where
the token for the output is <robot>. One example of the
multimodal conversation is shown in Fig. 1.

Our framework features the integration and coordination
between submodules, which are then utilized in an LLM-
based planner. We provide a plug-and-play modular design
to leverage state-of-the-art (SOTA) models across various
research domains in a zero-shot way. The design helps
to reduce reliant on robot-specific data, hence, improves
adaptability to new system.

C. Failure Recovery

For real-world robotic applications, the ability to replan
tasks and motion upon a failure is a critical feature. This
can be accomplished by active exploration, or with guidance
from humans. A recent paper from [29] solves a self-recovery
problem with an LLM-based planner. Our work instead
addresses cases where system failures occur. Hence, we
blend our method with the human-in-the-loop mechanism,
taking advantage of human input. When a failure occurs,
whether due to vision limitations or kinematic constraints,
our system can intelligently reassess and modify its output
action sequence based on human guidance. This adaptive
policy not only helps overcome immediate obstacles but
also refines the robot’s decision-making processes over time,
enhancing the efficiency and safety of robotic operations in
domestic environments.

The multimodal structure allows the planner to reason
around failures through feedback from the vision and mo-
tion verification modules. These modules can also provide
contextual failure descriptions to the user, enhancing the sys-
tem’s explainability and enabling informed human interven-
tion. For instance, vision failures due to partial observation
or adverse lighting conditions can be mitigated with human
insights, leveraging the planner’s capability to maintain a
record of initial commands through the internal H and to
replan upon system failure as necessary, as demonstrated in
Algorithm 1.

D. Text-only Fine-Tuning Data for Robotics Planner

Recently, prompt engineering has become popular for im-
plementing ready-to-use LLM-based planners, but it typically
requires extensive trials or multiple human-agent interactions
to clarify tasks. Besides, outputs from such planners often
need translation into robotic control commands. Therefore,
we choose to fine-tune an LLM for our multimodal robotic
planner that can generate the desired format for the real
robot’s action API calls. As InteLiPlan is designed for on-
board computing, this also reduces the need for an extra
conversion module which takes up computing resources.

To fine-tune the LLM model, we collected a pure-text
customized dataset that includes scenarios both with and
without failure recovery, where the interactions in failure
cases are limited to a maximum of two rounds. The dataset
is formulated as D = {Hi, Ui, Oi, Fi, Ai|i = 0, 1, 2, ...N}.
We loop through a list of objects and commands to generate
the command and expected sequence of action. During fine-
tuning, visual observation Oi and feasibility score Fi is
provided in the form of text. This text-based-only fine-tuning
approach enables the model to easily adapt to different robots
without further modifications or re-parameterization.



Fig. 3: Examples of the multimodal LLM-based planner. (a) presents a no-failure case for the given command. (b) and (c)
depict the failure reasoning ability of the model considering the inputs, for vision and feasibility failures respectively. (d)
showcases the ability to recover from the failure in (b) with human instruction.

IV. EXPERIMENTAL RESULTS

Experimental Setup. We evaluate our approach using
the Toyota Human Support Robot (HSR) in a domestic
environment. The first set of experiment is a ‘fetch me’ task,
which environment includes 20 seen objects and 20 unseen
objects, and the planner will be evaluated on 1 seen command
and 15 unseen commands. The unseen commands represent
the variants in human-like conversation. We then scale up
the model to test with the 101 task requests from SayCan
[1]. The vision module contains an object recognition model
implemented with YOLO [30] and a pose estimation process,
which received inputs from the RGB-D camera equipped
on the HSR. In this way, the robot automatically verified

the presence and precise location of objects relative to the
robot’s map frame. For feasibility verification, we utilized
a reachability graph from R-LGP [31], a sampling-based
approach that efficiently checks for path from a starting point
to a goal while ensuring feasible configurations for the robot
reaching towards the target object. The LLM model for our
approach is fine-tuned from Mistral 7B [10], a state-of-the-
art lightweight LLM model, which is suitable for onboard
deployment.

Metrics. To assess the performance of the proposed
method we measure three metrics. 1) Plan success rate:
the ratio of the trials where the robot successfully generates
the plan in text. 2) Execute success rate: the ratio of the



trials where the robot successfully plans and executes the
given request. 3) Inference time: the time taken to proceed
the formulated multimodal inputs, showcasing the real-time
capability of the model.

Baselines. We compare the work with few-shot prompting
on Mistral 7B, Mistral-Prompt. The samples are in the same
form as the dataset for fine-tuning, as discussed in Section
III-D. The second comparison is with SayCan [1]. Given
that this method does not have failure recovery ability, we
only report the result during the scalability experiments.
Generative result from PaLM 8B [32] is also reported as
a lightweight LLM baseline.

A. Comparison of Different Methods in Feasible Tasks

In our first experiment, we assume successful outcomes
in both object detection and robotic motion feasibility. Here,
the planner is solely required to generate the appropriate
action sequences based on human inputs. An example of
such conversation is provided in Fig. 3a.

Despite being told to list a sequence of actions only,
Mistral-Prompt outputs include redundant text, which is ig-
nored when determining the success rate. As presented in the
w/o failure column of Table I, the results demonstrate a su-
perior performance of our model, achieving 100% success in
scenarios with seen commands and objects, and maintaining
high effectiveness even with unseen objects or commands. In
contrast, Mistral-Prompt experienced performance drops in
scenarios involving unseen elements, with a more sensitivity
over unseen textual commands.

B. Evaluation of Robustness in Failure Recovery

In this section, we evaluate the ability of our framework’s
capacity to effectively replan from a detected failure, in-
formed by the vision and feasibility modules.

The w/ failure column of Table I presents the successful
task completion rate of the methods. The failure cases can
come from either false failure detection or false replan strat-
egy. The comparison shows a significant difference between
Mistral-Prompt and ours. Fine-tuning Mistral overall creates
a better adaptation to the task than few-shot prompting.
While our method gained 93% success rate with unseen
commands and unseen objects, Mistral-Prompt witnessed
a significant drop, with 55% task success rate, in failure
recovery experiments.

We further evaluate the breakdown of failure recovery
components by reporting both the success rate of accurately
identifying the cause of failure (Failure detection, as in Fig.
3b,c) and the success rate of task replanning based on human
instructions (Replan, , as in Fig. 3d). This test considers the
success rate based on the ability of the model to answer
the correct situation. The results, as summarized in Fig. 4,
demonstrate our framework’s performance in both detecting
failures and replanning in various scenarios. Notably, our
method achieved perfect detection and replanning success
rates in scenarios with seen commands and seen/unseen
objects, underscoring its reliability in familiar settings. Even
in more complex situations involving unseen commands
with seen/unseen objects, our framework maintained a 100%

TABLE I: Success Rates (%) of Task Completion.

Scenario Method w/o failure w/ failure

Seen cmd + Seen obj Mistral-Prompt 100 100
Ours 100 100

Seen cmd + Unseen obj Mistral-Prompt 95 66
Ours 100 100

Unseen cmd + Seen obj Mistral-Prompt 73 69
Ours 100 93

Unseen cmd + Unseen obj Mistral-Prompt 70 55
Ours 100 93

Fig. 4: Comparison of failure detection and replanning suc-
cess rate between the methods across different cases.

success rate in failure detection and a 93% success rate
in replanning. This contrasts sharply with Mistral-Prompt,
which has 74% success rate in failure detection and replan.
These results indicate the robustness of our system in real-
world conditions where adaptability and responsiveness to
failures are crucial for operational success.

C. Evaluation of Scalability
In this experiment, we evaluate the scalability of the

approach by 101 task instructions from SayCan [1]. To
accommodate the task variants, we fine-tuned Mistral with
the tasks outlined in Table II, which covers the expected
actions required for the dataset solutions.

TABLE II: Test Cases with Corresponding Expected Out-
come.

Case Expected plan

Pick object Pick object
Go to destination Go to destination
Fetch me Pick object, Go back, Place object
Put away Pick object, Go to destination, Place object
Put in drawer Open drawer, Pick object, Place in drawer, Close

drawer

Table III presents the tested result of the frameworks with
the dataset from Saycan. As a 540B model, the SayCan
result explains its excellent decision-making capability with
throughout understanding of the world. Its trained affordance
value provides sufficient embodied knowledge, ensuring high
success rate in execution. Besides, we note that prompting
with PaLM 8B only successfully plans 38% cases. Mistral-
Prompt with our modular structure helps the LLM model to
gain embodied intelligence, with the planning success rate
to 59%. It is observed that Mistral-Prompt’s failure cases
come from its lack of sense of the operating environment.



For example, some of the results tell the robot to ‘go to
store’ to pick something up, despite being told that it is
working in a domestic environment. It is proven that with
7B parameters, our InteLiPlan obtains similar results in
comparison to the state-of-the-art 504B SayCan model with
83% planning success rate.

The execution success rate remains relative to the planning
success rate in Mistral-Prompt and our framework, given the
same vision and reachability modules check for the system.
Having the reachability graph checking whole-body feasibil-
ity explicitly instead of using probabilistic, our approach also
increases the chances of successfully executing the plan once
generated. This is shown by the reduced difference in plan
and execute success rates between SayCan and our pipeline.
On the other hand, as we use a sampling-based approach,
there is a risk of not finding a path even if there is one exists,
leading to failures from the planning level. This is where the
failure recovery comes in. Another straightforward solution
is to use more samples in the graph such that they sufficiently
provide the reachability knowledge. Since InteLiPlan is a
plug-and-play system, it can seamlessly integrate future state-
of-the-art feasibility modules.

TABLE III: Plan and Execution Success Rates (%) of the
methods for 101 SayCan task descriptions.

Methods Plan Execute

PaLM 8B 38 n/a
PaLm-SayCan 504B 84 74
Mistral-Prompt 7B 59 58

Ours 83 82

D. Evaluation in Real-time Onboard Computing
Our framework targets a lightweight transformer model

to embed on a mini-computer, allowing robots to operate
independently of networks. Hence, we validate the efficiency
of the system on the physical HSR. Figure 1 and Fig. 5
showcase InteLiPlan results in real-world settings, which
includes tasks with and without failure recovery. Videos
of our demonstrations are available at our project page:
https://kimtienly.github.io/InteLiPlan.

Table IV records the averaged planning time of the system
over the trials, which breakdowns into vision, feasibility and
planner queries processing time. In total, the model can plan
an executable action sequence in less than 7s, guaranteeing
real-time onboard operation.

V. CONCLUSION

We presented InteLiPlan, an interactive lightweight LLM-
based robotics planner for reliable and robust auton-
omy in domestic environments. Our framework employs a
conversation-like format between internal modules and facili-
tates human-robot interaction, allowing the system to reason
about failures through a multimodal input formulation. By
incorporating a human in the loop, the robot gains the ability
to replan based on instructions, effectively utilizing human
input for dynamic adjustments.

With fewer than 200 data samples for fine-tuning, our
approach effectively handles the targeted tasks by leveraging

(a) Failure from feasibility

(b) Failure from vision

Fig. 5: Demonstration of the interactive failure recovery
capability on the physical HSR.

TABLE IV: Breakdown of onboard planning time (s).

Vision query Feasibility query Planner query

6e-6 5 1.5

the human-like text understanding capabilities of LLMs.
This reduces the effort of defining traditional task plan-
ning domains in robotics, and provides an intuitive, robot-
independent data structure. Impressively, deploying our ap-
proach with the lightweight Mistral 7B model achieves both
comparable results with the SOTA baseline and – notably
to our approach – real-time onboard computing. Our system
was validated on the physical Toyota HSR robot.

Limitations and Future Work - Our framework is struc-
tured as a multimodal system with a feasibility check and
can react to movable obstacles by asking humans for input.
However, it does not have a motion-level re-planning feature.
Incorporating low-level reactions together with high-level
re-planning capabilities in the form of a dual process can
potentially improve failure recovery speed and reduce human
intervention. Furthermore, the sampled path formed by the
reachability graph can be further developed into a motion
planning subpart of our approach, resulting into a full task
and motion planning stack.
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Addendum

I would like to add further explanation to the paper “InteLiPlan: Interactive

Lightweight LLM-Based Planner for Domestic Robot Autonomy”.

• How is feasibility score computed?

We are using the reachability graph designed in R-LGP (Chapter 5 to get the

feasibility score. Instead of verifying the full action sequence, the feasibility

module takes in the current position and the end-effector goal position (e.g.

object pose from the vision module), then checks if there is a collision-free

trajectory to reach the target. If the object is not in the object detection list,

the feasibility module returns 0 for the feasibility score.

• How is LLM output parsed to an executable command to the robot

or a question to the user?

We use keywords to detect if the model returns a failure or successfully plans

an action sequence. By fine-tuning, the model learns to report failures or

generate a sequence of actions in the format provided in the data. If a plan

is found, the outputted sequence is broken down into steps by commas, and

the system calls the pre-defined motion APIs. In the case that the model

outputs a non-existent action, the robot will fail by not being able to access

the relevant action function. If a failure is detected, the output will be directed

to the user, explaining the reason for failure.
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Fine-Tuning

6.2 Learning Generalizable Manipulation Policy
with Adapter-Based Parameter Fine-Tuning

In this section, I discuss the collaborative development of a motion planner designed

to complement InteLiPlan. InteLiPlan’s reliance on exclusively text-based fine-

tuning data allows its deployment on diverse robotic platforms. Integrating a

generalizable motion policy as the low-level controller complements this adaptability

by dynamically adjusting configuration trajectory to specified conditions. This

integration supports the idea of a plug-and-play TAMP framework, promoting

efficient execution across different robotics setups.

The paper employs adapters in RL to fine-tune pre-trained manipulation policies,

enabling generalization across different tasks (e.g., drawer opening vs. door opening)

and robots. This can complement InteLiPlan by providing a robust, low-level

motion policy layer that adapts to each new platform’s kinematic constraints,

enhancing InteLiPlan’s modular capability.

A core advantage of this approach is the low-level motion policy can be optimized

to interpret and carry out high-level instructions while accounting for physical

differences. This generalizability not only minimizes integration overhead but also

enhances the system’s ability to operate in diverse and unstructured environments,

making it especially suitable for real-world deployment. Consequently, this easy-

to-deploy motion library solution bridges the gap between abstract planning and

adaptable actions in InteLiPlan.

The article in this section was presented at the IEEE/RSJ International

Conference on Intelligent Robots and Systems (IROS) 2024 [137]. Our project

website is available online at https://kl-research.github.io/genrob

© 2024 IEEE. Reprinted, with permission, from Kai Lu, Kim Tien Ly, William
Hebberd, Kaichen Zhou, Ioannis Havoutis, Andrew Markham, “Learning
Generalizable Manipulation Policy with Adapter-Based Parameter Fine-Tuning,"
in Proc. IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS), 2024.
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Learning Generalizable Manipulation Policy with Adapter-Based
Parameter Fine-Tuning

Kai Lu1, Kim Tien Ly2, William Hebberd2, Kaichen Zhou1, Ioannis Havoutis2, Andrew Markham1

Abstract— This study investigates the use of adapters in
reinforcement learning for robotic skill generalization across
multiple robots and tasks. Traditional methods are typically
reliant on robot-specific retraining and face challenges such as
efficiency and adaptability, particularly when scaling to robots
with varying kinematics. We propose an alternative approach
where a disembodied (virtual) hand manipulator learns a task
(i.e., an abstract skill) and then transfers it to various robots
with different kinematic constraints without retraining the
entire model (i.e., the concrete, physical implementation of the
skill). Whilst adapters are commonly used in other domains
with strong supervision available, we show how weaker feed-
back from robotic control can be used to optimize task execution
by preserving the abstract skill dynamics whilst adapting to
new robotic domains. We demonstrate the effectiveness of our
method with experiments conducted in the SAPIEN ManiSkill
environment, showing improvements in generalization and task
success rates. All code, data, and additional videos are at this
GitHub link: https://kl-research.github.io/genrob.

I. INTRODUCTION

Learning generalizable robotic skills is a significant chal-
lenge in embodied intelligence, which includes generaliza-
tion across objects, tasks, and robots. Compared to the widely
explored vision-based object generalization [1], generaliza-
tion across different robots and different task trajectories
remains underexplored. This capability has a wide impact,
enabling robots to efficiently learn new skills or adapt
existing skills to similar domains. However, different robots
usually have varying kinematic configurations and morpholo-
gies, such as body structure and joint limits, leading to
different physical constraints and dynamic properties, posing
challenges to skill generalization.

Traditional skill learning methods often consider retraining
for new tasks on a specific single robot, such as by using
reinforcement learning (RL) [2]–[4] or imitation learning [5].
However, reinforcement learning often encounters problems
with sampling efficiency, and imitation learning struggles to
find perfectly corresponding robot samples. Recent works
designed skill generalization methods across multiple robots
and tasks using large robot learning datasets such as Open
X-embodiment [6] and foundation models [7], [8], which
requires significant computational resources. Another ap-
proach is the use of hierarchical or modular network designs
[9]–[13], including aligning internal features [9], encoding
robotic morphological information [10], and sharing modular
policies [11], [12]. However, they often focus on simplified
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ment of Computer Science, University of Oxford. Email: {kai.lu,
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Robotics Institute, University of Oxford, Oxford, UK. Email: {ktien,
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Fig. 1. Demonstration of the proposed method. In this work, we study
the problem of using adapter-based fine-tuning on pre-trained policy models
for generalizable manipulation across different robotic platforms. We teach
a disembodied hand to learn tasks like opening a drawer and transfer these
skills to a whole-body robot, accounting for the robot’s specific constraints.

robotic morphologies, such as 2D arms [11] or omnidirec-
tional spherical hands [13], or limited tasks like grasping
[10]. In this paper, we aim to explore how a shared global
skill policy can effectively be applied on multiple high-
degree-of-freedom (high-DoF) mobile robot platforms.

Our key innovation is to teach an unconstrained, disem-
bodied hand manipulator to learn a skill, such as opening a
drawer or cabinet, and then transfer this skill to a constrained
whole-body robot. We consider these constraints as the
feasibility of the disembodied hand’s trajectory on a specific
robot. As the disembodied hand policy is not optimized
for the specific robot’s constraints and kinematic properties,
the trajectories generated by this policy are not optimal, or
even unfeasible, on new whole-body robots. For instance,
a robot with more DoFs and longer arms will have greater
adaptability, while smaller robots may find it more difficult
to follow the poses generated online by RL. To mitigate this
issue, we consider fine-tuning the existing policy network
and introducing robotic control feedback to optimize the RL
policy.

Recently, parameter-efficient fine-tuning (PEFT), such as
the Adapter technique [14]–[17], has proven effective for
pre-trained model fine-tuning and is widely used for gener-
alization in natural language processing [18] and visual gen-
eration fields [14]. It achieves specific domain adaptation by
inserting additional trainable layers into the existing model.
This method allows the model to adapt to new domains
with a small number of extra parameters while keeping



the original parameters unchanged, which is particularly
useful in transfer learning and multi-task learning. Inspired
by this, we propose the integration of adapters into the
learning of generalizable robotic skills and explore the use of
robot feedback in RL to learn these adapters. This approach
enables the adaptation to new robots or tasks without the
necessity of retraining the entire model. We conjecture that
this method can better retain the original model’s knowledge
of skill dynamics while introducing an understanding of new
robots or tasks.

To implement this, we introduce parallel modules into the
original network, such as low-rank decomposed (LoRA) [19]
adapters, or sequential modules, such as low-dimensional
encoder-decoder structure adapters with residual design [20].
Then, in RL training, we design a feedback reward function
from the whole-body robotic control, which requires the
robot to solve joint configurations using a Newton-Raphson-
based Inverse Kinematics (IK) solver [21] at each step. If
an unfeasible solution is returned by the IK solver before
the robot completes the task, we will assign a negative
reward to RL policy. Hence, the adapter learns to optimize
the end-effector (EE) trajectory generated by the original
RL model. In addition to generalization across robots, we
further explore the application of adapter learning techniques
between similar tasks. For example, how skills like pulling a
drawer can be adapted and transferred to opening a door. We
found that this learning method is effective for transferring
robotic skill learning.

In summary, in this paper, we explore the following three
questions:
• How can adapters be used in robotic reinforcement learn-

ing to generalize a global skill across different robotic
embodiments?

• What impacts do various adapter architectures and fine-
tuning strategies have on skill generalization?

• Does adapter technology have broader application scenar-
ios, such as domain adaptation for similar tasks?
We studied the generalization of the drawer-opening skill

across three mobile manipulation robots in the SAPIEN
ManiSkill environment [22], including the ManiSkill A2-
Single-Arm Robot (A2Single), the Unitree Aliengo robot
[23] with Z1 arm [24] (AliengoZ1), and the Toyota Hu-
man Support Robot (HSR) [25]. Our research show that
adapter learning can effectively generalize among robots
with different physical constraints. Particularly, LoRA-type
adapters improved the success rate on new robots by 11% on
A2Single Arm, 15% on AliengoZ1, and 14% on HSR, com-
pared to vanilla full-finetuning. Our task-variant experiments,
including door opening and chair pushing tasks, indicate that
adapter learning also improves generalization among tasks.

II. RELATED WORK

A. Learning across robotic embodiments

Given the diverse landscape of robotics, mastering learning
across various robotic platforms emerges as a fundamental
topic within the field. Based on this concern, a consider-
able body of work is dedicated to exploring foundational
models [7], or delving into the potential of large language
models (LLMs) [26]. Additionally, others harness extensive

Fig. 2. Illustration of different approaches. Commonly seen approaches
for new robot/task transfer include learning from scratch and vanilla fine-
tuning. In this work, we adopt adapter learning with feedback reward in RL
for skill generalization from a pre-trained policy model.

datasets featuring a multitude of robots and demonstrations
for comprehensive training approaches, highlighted in the
study by the Open X-embodiment [27]. Concurrently, a
distinct trajectory in research adopts a structured approach
to manipulation policy learning, embracing the hierarchical
and modular constructs to bridge the embodiment disparities
across varied robotic entities, a notable example being the
work by [9]. Nevertheless, these studies often demarcate
their focus to either task simplification or specific transfer
facets such as 2D kinematic setups [11], end-effector design
variants [13], or adaptive visual perception strategies [28].
While there are relevant contributions in adjacent fields such
as robotic navigation and locomotion, exemplified by [29]
and [30] respectively, these studies tangentially relate to our
concentrated objective on robotic manipulation.

B. Generalizable manipulation policy learning
Learning generalizable manipulation skills is a crucial

topic in embodied AI research. Numerous works in the visual
domain have been proposed to address generalization among
objects, including domain-invariant 3D feature distillation
[31], 3D affordance learning [32], unified representations of
actionable parts [33], and enhancement of both policy and
visual modules through interactive perception [34], among
others. Additionally, in the domain of policy learning, various
works in visual reinforcement learning and imitation learning
have been proposed to solve generalization across objects
or tasks. For instance, methods that use decoupling or EE
action spaces [35], [36] or action primitives [37], [38] have
been put forward to increase the efficiency of reinforcement
learning and enhance generalizability. On the other hand,
modular structures, representational alignment [9], or ad-
versarial generative models [39] have proven effective in
generalizing across different objects and tasks. With the
advent of large models, recent work has involved integrating
Vision-and-Language Models (VLMs) [40] for action and
semantic matching, resulting in policies with improved gen-
eralizability.

C. Adapter Learning for Policy Model Fine-Tuning
PEFT, such as the adapter technique, is extensively utilized

for model domain adaptation. It was first applied in the field
of natural language processing; an example being the use of
Low-Rank Adaptation (LoRA) [19] for fine-tuning GPT-3
[41], which involves inserting trainable rank decomposition



Fig. 3. Coordinate system of robots and the disembodied hand. We
assess three different mobile manipulators equipped with the same end-
effector but featuring varying kinematic configurations.

matrices into each layer. Moreover, adapters are widely
adopted in the vision domain [14], [42]–[44]. For instance,
ViT-Adapter [42] can achieve performance comparable to
that of vision-specific transformers. Adapters are also used
in robotic imitation learning, as demonstrated by the work
of Liang et al (LoRA-Transformer) [45]. A notable example
is TAIL [46], which fine-tunes large, task-specific models.
This work is similar to pure vision fields, adapters are
used to adjust upstream visual perception modules for ma-
nipulation tasks, such as RoboAdapters [47]. Distinct from
these applications, our work contemplates the use of adapter
technology through RL for generalization across different
robotic platforms (as shown in Fig. 2), and we further explore
its adaptability across tasks.

III. METHODOLOGY

Our methodology focuses on transferring a learned skill
from an original robot, e.g., a disembodied hand, to other
different robotic platforms, e.g., whole-body mobile manip-
ulators, through the integration of adapters. The adapters
serve a dual purpose: fine-tune the model to fit the specific
kinematic constraints of a new robot whilst maintaining the
integrity of the original learned skill.

A. Problem Statement

Robotic manipulation policy learning can be formulated as
a Markov decision process (MDP) [48], which is represented
as (S,A,R,T,γ), where S is the set of states, A is the set of
actions, R(st ,at ,st+1) is the reward function, T (st+1|st ,at)
is the transition function as a probability distribution, and
γ is the discount factor for the future rewards. The agent
policy π(a|s) is the action selecting probability under a given
state s. The goal of RL is to maximize the return under the
policy Gπ = Eπ [∑t γ tR(st ,at ,st+1)]. In robot learning tasks,
we usually need to estimate the task-relevant states from
observation O, regarded as s = f (o). This setting is viewed
as a partially observable Markov decision process (POMDP)
[49] where the policy is π(a| f (o)).

In this work, we study the problem of generalizing skills
across robotic mobile manipulators, where the state space
being s= [sob j,srob] and the action space being a= [vee,q jaw].
We use a shared action space across robots and equip them
with the same two-parallel-jaw hand, as shown in Fig. 3.

B. Reinforcement Learning with Disembodied Hand

We first exploit the disembodied hand as the RL agent
to learn the abstract skill dynamics, whose DoFs are three
virtual prismatic joints and three virtual revolute joints. The
action space includes six desired velocities of the virtual

Fig. 4. Pipeline of our method. We integrate the adapter module into the
RL model and introduce a feedback reward function from the whole-body
robotic control. Through this way, the adapter learns to optimize the EE
trajectory generated by the original RL model for robot-level generalization.

joints vee ∈R6 and two desired positions of the finger joints
q f ,d ∈R2. For the cabinet environment in ManiSkill, we use
sob j = [scab,slink,shdl ,ssize], where scab is the base link pose
of the loaded cabinet, slink and shdl are the current poses
and the full poses (i.e., the poses when the drawer is fully
opened) of the target drawer link and the handle, and ssize is
the full length and the opening length of the target drawer.
The poses are all represented as world frame coordinates
and quaternions. In RL training, srob = see includes the hand
joints’ positions and velocities. We follow the dense reward
function designed in ManiSkill [22] to train the RL model:

Rms =





Rstg +Ree, d > dths,

Rstg +Ree +Rlink, d < dths, c< copen,

Rstg +Ree +Rlink +Rstc, d < dths, c> copen,

(1)

where Rstg increases from the first stage to the final and the
stage is defined by the distance between EE and the handle of
the target drawer d ∈R and the opening extent of the target
drawer cop ∈ [0,1]. More detailed definitions and coefficients
can be found in ManiSkill. The model is trained using soft
actor-critic (SAC) [50] algorithm. We view this process as
the model pre-training in this work and focus on how to
fine-tune the learned policy. The policy is represented as:

aee = πφ (sob j,see). (2)

C. Robotic Control Feedback Reward

Given that the RL agent is a disembodied free-floating
hand learning the dynamics of skills without considering the
constraints of any specific embodied robot control, trajecto-
ries that are unfeasible for the robot may occur during skill
transfer. Since different robots have different kinematic prop-
erties, it is difficult to design a unified constraint condition
on the disembodied hand agent without leading to highly
limited or sub-optimal trajectories. Therefore, we choose to
introduce adapter techniques to fine-tune the original model,
which requires us to design a feedback loop to optimize the
pre-trained policy network, as shown in Fig. 4.

We first parallel the environment of the disembodied hand
with that of the whole-body robot. The action aee,t executed
in the hand environment yields the next pose xt+1. We aim
to synchronize the robot’s EE to the pose of the disembodied
hand, which is expressed as:

xt+1 = pt+1 = p(qt +∆q), (3)



where p(q) denotes the forward kinematics equation, and q
represents the robot joint position. This desired joint position
can be obtained by computing the Jacobian matrix, where:

pt+1 = p(qt+1)≈ p(qt)+ J(qt)∆q (4)

therefore, the approximated value is:

∆q≈ J+(qt)∆p, (5)

where J+ is the pseudoinverse of the Jacobian matrix. We
use an IK solver based on the Newton-Raphson method to
iterate and find a numerical solution ∆qres s.t.:

p(qt +∆qres)− xt+1 < kerrtol (6)

For robots with high DoFs (considered to be more than 6
here), it is generally not easy to fall into a situation without
any IK solutions. However, a global-searching IK solver
cannot guarantee a smooth solution between the two EE
positions of consecutive time steps. Therefore, we added
a restriction to prevent the robot’s current configuration
from deviating more than kmaxdev along each axis. With
such a setting, the IK solver iteratively operates through
the Jacobian inverse technique. We use the IK-solve-nearby
function from the Klampt library [21] to achieve the above
setting, represented as:

qres,zres = Fik(q,∆p,kmaxdev,kerrtol ,kmaxiter), (7)

where zres = 1 when the IK has a feasible solution otherwise
zres = 0. qres is the solution joint configuration.

For each RL simulation step, we perform the IK cal-
culation for the robot and then control the robot to the
solution joint positions before the next RL prediction. Thus,
the EE poses that the robot cannot reach through the above
IK setting are considered non-compliant with the robot’s
kinematic constraints, and we use a reward function:

Rik =

{
+1, zres = 1,
−1, zres = 0.

(8)

This reward varies for different robots, as their kinematic
parameters differ, such as joint limits and the structure and
number of joints and links. Therefore, the final reward during
the fine-tuning process can be expressed as:

R = ωmsRms +ωikRik. (9)

D. Adapter Modules for Parameter Fine-Tuning
When considering fine-tuning the policy network to a

specific robot domain, the vanilla approach involves tuning
all of the parameters of the original network. However,
this method might overfit to the new domain, reducing the
model’s capability. Adapter technology offers an alternative
by introducing a small number of trainable parameters to
adjust the original network. A key benefit of this approach is
that transferring skills among different robots only requires
attaching the corresponding adapter network. This process
typically leaves the original network structure and inference
speed unaffected. Furthermore, the parameters of the pre-
trained policy network can be shared, streamlining the inte-
gration process. Common adapter structures include parallel
adapters, such as LoRA, and sequential adapters, such as

Fig. 5. Two types of adapters incorporated in this work. In our
implementation, we incorporate the adapters in both the policy (actor)
network and the Q-function network in the RL model.

the residual encoder-decoder, which can improve the model’s
generalizability.

The principle of LoRA is to parallel two low-dimensional
matrices in the network’s linear layers, represented as A and
B, with B initialized to zero. LoRA hypothesizes that the
rank of the parameters that need to be adjusted in the original
linear layer matrix is likely not high, e.g., 1/10 of the original
matrix, so the adjustment can be achieved through learning
A and B. Another commonly seen adapter pattern is the
encoder-decoder with non-linear activation functions using
residual structure (ResAdapter) to connect between original
layers. The scale parameter of the residual connection points
is initialized to zero. Both structures are widely used to adjust
networks based on MLP or Transformer architectures.

In this work, we integrate LoRA or ResAdapter into the
linear layers of our MLP, as shown in Fig. 5, and then we
use the above reward to finetune the networks. However,
we point out that the precise choice of the adapter is not
critical to our framework and that our method could relatively
easily incorporate other adapters. Since we are using the SAC
algorithm, we need to update the parameters of both the actor
and critic networks:

πφnn,φadapter : φadapter← φ ′adapter,

Qθnn,θadapter : θadapter← θ ′adapter,
(10)

where θ represents the critic (Q-function) parameters, and φ
represents the actor (policy) parameters.

E. Adjusted Adapter and Optimization Techniques for Task-
Specific Constraints

In addition to skill generalization across different robots,
we further explore more challenging scenarios, namely ap-
plying the adapter technique to generalization across tasks.
Different tasks typically have distinct trajectories, for in-
stance, as shown in Fig. 6, where pulling a drawer and
opening a door are characterized by circular and linear
motions respectively, while pushing a chair is usually in the
opposite direction to pulling a drawer. Due to significant
changes in skill dynamics, we designed a more complex
adapter module based on ResAdapter (as shown in Fig. 7)
to achieve this adaptation, which can take new inputs and
optimize outputs.



Fig. 6. Generalization to various tasks. We demonstrate the adapter
technique for generalizing a skill across other manipulation tasks.

Fig. 7. Adjusted adapter structure for task-level generalization. We
adjust the structure of ResAdapter to tune the pre-trained model for more
challenging scenarios such as new tasks.

To accommodate new tasks, we first align the input states
sob j with the corresponding task. For the door opening task,
we align the pose of the door handle and door link with the
drawer, retaining the original position but leaving the rotation
for the Adapter, represented as {sob j \s′ob j}. Additionally, we
equate the door’s arc length to the drawer’s linear length,
leaving the door’s radius to the Adapter. For the pushing
chair task, we map the main body link pose of the chair
to the handle and link pose of the drawer but reverse the
xy-plane coordinates.

The adjusted residual adapter uses a gate control for the
residual connection. The gating signal d < dths is the distance
between the hand and the operational part e.g., the backrest
or armrest of the chair. As the new skill dynamics change
largely compared to the original skill, in this scenario, we
allow the parameters of the original network to be fine-tuned
to achieve adaptation to the new states.

IV. EXPERIMENTAL RESULTS

A. Experimental Setups
1) Environments and tasks: We conducted experiments

in the SAPIEN ManiSkill simulation environment, choosing
the task of opening cabinet drawers as the basic task. The
criterion for task success is opening the target joint to
≥ 90% of its extent and that the EE poses are feasible
for the whole-body robots. For the drawer-opening task,
ManiSkill provides 25 cabinets with different geometries and
topologies, of which we randomly select 15 as the training
set and 10 as the test set. To evaluate the skill transfer to
different robots, the success criteria included the feasibility
of the EE poses in the trajectory, which is validated by
the Newton-Raphson-based IK solver described in Sec. III-
C. We also conducted experiments for task generalization,
considering the adaptation of the skill of opening drawers
to opening doors and pushing chairs. The success criterion
for the door-opening task is to open the specified joint to
≥ π/4 radian. For the pushing chair task, the criterion is
that the chair is close to the target position within 0.15 m
and remains standing upright. These tasks are also episodic,
with a maximum length of 200 steps (each step is 1/20 s).

2) Robotic mobile manipulators: In simulation, we
present three mobile manipulation robots, as in Fig. 1:
• Disembodied Hand: Modeled as a floating hand with

6-DoF and equipped with two parallel jaws, using the

Panda Hand as the collision model.
• Robot A - A2Single: Modeled as an 11-DoF robot with

a 4-DoF mobile base allowing for x, y, z translations
and yaw rotation. It features a Scirus body and a 7-DoF
Franka Panda arm.

• Robot B - HSR: Modeled as an 8-DoF robot with a
3-DoF mobile base for xy translation and yaw rotation,
and it is equipped with a 5-DoF arm.

• Robot C - AliengoZ1: Modeled as a 9-DoF robot with a
3-DoF mobile base for xy translation and yaw rotation.
Here, we follow the work of Habitat [51], assuming that
the base has 3 DoFs of command and ignoring the low-
level leg movements. In addition, the robot is fitted with
a 6-DoF Z1 robotic arm.

In our real-world experiments, we employ the HSR robot
for sim-to-real validation. The outcome and the supplemen-
tary videos are available on our project website.

3) Comparison Methods: We compare different methods
of generalization to robots: a) Direct-Transfer: directly
using the model of the trained disembodied hand agent,
b) Full-FineTune: tuning all the parameters of the original
model, c) ResAdapter: using the residual adapter with the
original model parameters frozen, and d) LoRA: using the
LoRA adapter with the original model parameters frozen.

B. Effectiveness of adapter learning for multi-robot transfer
Table I shows the average task success rates, episode

length in steps, and episode rewards. Comparing Direct-
Transfer and LoRA Adapter, we note that introducing robot
inverse kinematics control feedback reward can improve the
success rate of tasks and accelerate task completion time.
This indicates that RL-generated trajectories are optimized
such that the introduction of feedback from the specific
robot’s kinematic constraints improves the success. Mean-
while, by comparing Direct-Transfer and Full-Finetune, we
found that if the new scenario differs from the original
training scenario, directly fine-tuning a pre-trained model
may lead to overfitting. The pre-trained model might already
be optimized for the specific characteristics of its original
robot, and fine-tuning it on a different robot could cause
the model to overly adapt to the new scenario, thus leading
to poor generalization on unseen data. Comparing the fine-
tuned model performance on different robots, we find that
the adapter learning method is more effective for HSR and
AliengoZ1 than for A2Single. This might indicate that they
have more valid samples, i.e., infeasible poses generate corre-
sponding feedback. Since reward in reinforcement learning is
a weak supervisory signal, we consider introducing stronger
signals such as auxiliary loss in the future to improve tuning
efficiency. Our further experiment on LoRA shown in Fig.
11 illustrates that after applying LoRA on an embodied
robot, there is an improvement in the original domain, and
it can also be transferred to other robots, demonstrating the
effectiveness of the adapter. Meanwhile, the effect of LoRA
on the original robot is higher than on other robots, indicating
the necessity of applying adapters for each individual robot.

C. Impact of various adapters for skill generalization
Comparing the three methods of fine-tuning, we find that

fine-tuning the entire original model based on constraints



Fig. 8. Visualization of generalizing a skill across various robotic platforms.

Fig. 9. Training curve of transferring skill to three different high-DoF robots: A2 Single, Aliengo Z1 and HSR.

TABLE I
CROSS-ROBOT GENERALIZATION

Robot Method Success ↑ Length ↓ Reward ↓
Hand SAC 68% 115.85 -1084.91

Direct-Transfer 32% 155.64 -1500.25
A2Single Full-Finetune 25% 168.19 -1563.99

LoRA Adapter 36%↑11% 150.61 -1452.61

Direct-Transfer 27% 164.98 -1652.33
AliengoZ1 Full-Finetune 22% 169.26 -1702.40

LoRA Adapter 37%↑15% 150.85 -1503.93

Direct-Transfer 26% 163.20 -1508.26
HSR Full-Finetune 23% 170.51 -1619.22

LoRA Adapter 37%↑14% 148.29 -1410.24

presents a high success reward in training as shown in Fig. 9,
but relatively lower performance in the test set. This indicates
that although it meets the constraints of the new robot,
it leads to forgetting the ability to generalize. ResAdapter
presents a better performance in the test set, as shown in Fig.
10, by adjusting the intermediate features of the network and
deepening it through concatenation. LoRA overall performs
the best, indicating that adjusting the parameters of the MLP
linear layer in parallel can allow the network to maintain its
original good skill generalization ability while meeting the
specific kinematic constraints of the robot. We also compare
the two adapters’ performance on different robots in Table
II, and we visualize the task execution by the three robots
in Fig. 8, where their policies are fine-tuned by LoRA.

Fig. 10. Comparison of direct transfer and different tuning methods.
The values are averaged over the three robots.

(a) Task Success Rate (b) Episode length (steps)

Fig. 11. Cross-robot evaluation. The adapter is trained on one robot
(vertical labels), and tested on the other robot (horizontal labels).



TABLE II
CROSS-ROBOT GENERALIZATION

Robot Method Success ↑ Length ↓ Reward ↓
Hand SAC 68% 115.85 -1084.91

A2Single ResAdapter 28% 160.18 -1476.89
LoRA 36% 150.61 -1452.61

AliengoZ1 ResAdapter 27% 162.07 -1558.45
LoRA 37% 150.85 -1503.93

HSR ResAdapter 32% 156.35 -1481.21
LoRA 37% 148.29 -1410.24

TABLE III
CROSS-TASK GENERALIZATION

Robot Method Success ↑ Length ↓ Reward ↓
Opening Drawer SAC 0.68 115.85 -1084.91

Direct-Align 0. 200.00 -2026.08
Opening Door Full-Finetune 23% 174.76 -1807.69

Adapter 31%↑8% 172.09 -1735.80

Direct-Align 3% 196.61 -3794.65
Push Chair Full-Finetune 39% 166.17 -2267.71

Adapter 54%↑15% 152.77 -1954.63

D. Adapter-Based Tuning for Cross-Task Generalization
We further explore the generalizability of the adapter

technique at the task level, including transfer from opening
drawers to opening doors, and from opening drawers to
pushing chairs. We consider three methods to generalize
the original skill: direct alignment (using the input align-
ment described in the methodology), fine-tuning the original
network, and incorporating adapters for fine-tuning. Fig. 12
shows the training process, where using adapters for input
processing and output optimization allows the network to
converge faster during training and achieve higher rewards
in the door-opening task compared to fine-tuning the original
network with new inputs. Table III compares the success
rates on the test set, where we find that adapter-based
tuning has higher task success rates, indicating that adding
adapter modules can enhance the generalizability of the RL
policy across tasks. We also notice that transferring the
original skill policy to pushing chairs performs better than
transferring to doors opening task. This may be because the
skill dynamics of the chair are easier to adapt to compared
to the originally learned skill dynamics of the network. Fig.
13 shows typical scenarios for the three different tasks, from
which we can see that finetuning the pre-trained model can
achieve transformations of the skill dynamics.

V. CONCLUSIONS

Our findings indicate that adapter learning is a simple,
yet powerful strategy for generalizing robotic skills across
different robots and tasks, offering a parameter-efficient
alternative to full model retraining. By training first on an en-
tirely virtual disembodied manipulator, the adapter is simply
responsible for embodiment-specific adaptation. LoRA-type
adapters show improvement in task success rates, supporting
their potential for widespread application in robotic learning.
Future research may extend these techniques to a broader
range of tasks and robots, further enhancing the adaptability
and efficiency of robotic systems.

Fig. 12. Training curves of transferring the opening drawer skill to
the opening door task and the pushing chair task.

Fig. 13. Visualization of generalizing a skill across different tasks.
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6.3 Discussion

Our framework developed in this chapter, InteLiPlan, aims at enhancing the

autonomy and interpretability of domestic robots through the use of LLMs. We

design a lightweight, onboard LLM-based system that integrates multimodal inputs

such as user commands, visual observations, and motion feasibility checks to generate

action plans for mobile manipulation tasks. The key goal of the framework is to

enable robots to understand, plan, and replan using human-language commands

and guidance. InteLiPlan performs comparably to state-of-the-art robotics planners

while being computationally efficient enough for real-time onboard deployment.

A significant feature of InteLiPlan is its HITL mechanism, which allows human

intervention when system failures occur. For example, if the robot encounters a

vision or motion failure, it asks users for guidance to complete the specified task.

This approach ensures greater operational robustness and adaptability in complex

domestic environments, where robots might otherwise fail to execute tasks correctly.

By enabling human instruction, InteLiPlan makes the system more resilient and

responsive to failures in its operating environment.

InteLiPlan is fine-tuned on lightweight LLM and is designed to work in real-time,

providing onboard computational capabilities. This makes it suitable for use in

everyday domestic settings without relying on external resources. With text-only

fine-tuning, the method avoids reliance on robot-specific data, highlighting its

adaptability and potential for wide deployment.

The system was evaluated on the simulated and physical HSR in a variety

of tasks, verifying its embodied intelligence. By fine-tuning LLMs, the model

captures sufficient world knowledge from the foundation model, which helps with

generalisation to unseen commands and unseen objects. Meanwhile, the multimodal

approach enables the robot to reason around failures and provide contextual

information for transparency and interoperability during human-robot interaction.

The sampling-based reachability check specifically increases the success rate of

executing the generated plan in comparison to the state-of-the-art SayCan [111].
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In line with InteLiPlan, the collaboration work in Section 6.2 addresses challenges

with adapting manipulation skills to different robot configurations and tasks. The

policy directly contributes to the motion library mentioned in the InteLiPlan

paper, which emphasizes the technical benefits of generalizable motion planning

and highlights how it aligns with the design goals of InteLiPlan. The study

provides the InteLiPlan framework in Section 6.1 with an interface where high-level

plans can be flexibly executed.

This chapter concludes an LLM-based TAMP solution with the two papers’

contributions, showcasing a plug-and-play and generalizable framework. However,

in InteLiPlan, we did not implement a validation layer prior to execution. As

a result, the robot follows the generated plan regardless of its correctness, and

only fails if an action is not found in the list of available motion APIs. Future

improvements could include incorporating a verification step before execution to

enhance safety and reliability. Besides, though incorporating multiple features

in this lightweight planner, the framework relies on human instruction for failure

recovery. Further fine-tuning is also required to understand and accommodate new

tasks. The research opens new opportunities for incremental learning [138, 139] and

low-level motion reactivity in TAMP, which will be discussed in Chapter 7.
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7
Conclusion

This thesis studied the problem of task and motion planning for mobile manipulators.

The developed projects address the challenges from different perspectives, ranging

from hierarchical structures and optimization methods to AI integration with

foundation models.

In this last chapter, I will present a critical discussion on what was done, what

was learned, and how we can improve them in the future.

7.1 Achievements and Limitations

Firstly, I will discuss the contribution presented in this thesis, complementing the

ideas shared at the end of the chapters, and providing the connections between

different systems.

Hierarchical structure

In Chapter 4, we developed a two-layer hierarchical structure to autonomously

perform multi-surface coverage planning on legged manipulators. The system

efficiently decomposes the complexity and optimally solves this complex problem.

We extend the planner to a shared-autonomy system which allows user specification

in the problem. The perception modules ensure that the framework does not

need any prior knowledge about the number of surfaces or surface models of the

99
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inspection sites. Formulating the robot model as a floating-base manipulator allows

the integration of the system on different mobile manipulation platforms while

ensuring the dexterity of the robot arm.

Using hierarchical structures has been useful in decomposing the complexity

of TAMP, whether to break down task and motion levels or to define subgoals

for long-horizon planning. When it comes to optimality in TAMP, separating the

optimal problems in levels might result in suboptimality of the final solutions.

While not guaranteeing global optimal, hierarchical structure is still efficient for

solving more detailed task constraints (e.g. coverage planning) while ensuring

whole-body motion planning.

Embodied intelligence in TAMP

Chapter 5 similarly solves a TAMP problem with optimization-based approaches.

However, the framework in this project scales up to general domestic tasks and

introduces more integration between the task planner and the motion planner. The

designed reachability graph has improved both symbolic planning and trajectory

optimization results in LGP. The main contribution is that using such a heuristic

informs the symbolic planner of the physical capability of the robots, which allows

the robot to generate reachability-aware decisions and reduces replanning due to

low-level feasibility failures. From a wider perspective, this work explored the idea

of combining sampling and optimization methods’ advantages, which demonstrates

competitive performance to the baseline and SOTA algorithms. Additionally, this

idea of injecting low-level constraints to symbolic planners also well serves the

research in Chapter 6, where we utilized the reachability graph as the feasibility

check input to the LLM-based multi-modal planner.

Despite introducing a neat way to incorporate low-level constraints during

planning, the R-LGP framework has its own limitations. This work trades off real-

time planning with optimality, it also needs pre-defined tasks and assumes known

environments while generating path guidance for the full path optimization level.



7. Conclusion 101

Foundation models in TAMP

In chapter 6, we trade off the optimality feature of the solution and focus more

on a real-time interactive robotics planner. With the capability of understanding

human language, LLM has been efficient in capturing the common sense of how

the world operates. We utilized this capability to allow adding new tasks without

the burden of using classical planning domain languages. In this work, we address

onboard computing with a lightweight version of LLM, while maintaining the

reasoning capability in smaller models. We chose fine-tuning methods to not only

take advantage of the language model but also inject the desired format of the model

outcome, which directly executes without translating modules. The multi-modal

structure helps the fine-tuned model make decisions that consider relevant com-

ponents including user command, environment observation, and robot kinematics

feasibility. The extensive evaluation has proven the scalability and adaptability over

commands and task variations. My collaborative work complements this robotics

planner by introducing adapter-based techniques to fine-tune pre-trained skills

for generalization, contributing to the development of a motion planner within

a plug-and-play TAMP framework.

Being a fine-tuned approach, the planner requires additional fine-tuning to

accommodate new tasks or skills, especially those that fall outside the scope of

its pre-trained capabilities. There is also no feedback to validate the generated

sequence. Though being able to demonstrate the desired interactive behaviours, the

robot relies entirely on user feedback for failure recovery and has no autonomous

replanning capability. Potential future developments are discussed in Section 7.3.

7.2 Lessons Learned

During my DPhil, I also learned many research and technical lessons on robotic

system design and deployment. This section provides a broader perspective on

important challenges I recognised while developing my work.
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A major challenge in developing TAMP solutions was achieving seamless end-to-

end integration across its subsystems. Effective system integration was especially

critical in bridging these two levels, which requires specifying inter-dependencies

and determining information representation during subproblem communication.

TAMP operates on a domain description designed to balance accuracy at its

abstraction level with the simplicity needed for efficient planning. This coarse

nature needs to be sufficiently translated to condition motion planning. Moreover,

TAMP typically requires harmonizing high-level task planning with low-level motion

execution, but the process also demands continuous alignment between inputs,

such as perception data, and outputs, which include precise actions in real-world

scenarios. While our work was not primarily focused on perception, the planning

pipeline could not function independently and autonomously without perception

input. Low-level control is also important in allowing the successful execution

of the motion planning result.

When tackling motion optimization problems in the context of mobile ma-

nipulators, I have learned to model the problem by determining cost functions,

constraints, and optimization algorithms. Adjusting weights is vital in enabling

the robot to balance multiple conflicting objectives, which ensures context-aware

planning by considering specific requirements and operational conditions of the

robotic system. For example, optimizing for speed and precision often requires

carefully balanced tradeoffs, which are controlled by adjusting the weights assigned

to the respective cost functions and constraints. Setting thresholds for feasibility,

such as acceptable levels of risk or tolerances for positional accuracy in manipulation

tasks, is crucial to ensure that the solutions not only meet performance criteria

but also adhere to safety standards.

Deploying TAMP solutions on physical robotic systems introduced further

experimental issues, particularly due to environmental noise and unexpected physical

interactions. For example, when putting an object into the drawer, the robot tends

to consider the pose of putting the object down as a collision and decides not to

execute the action. Noises from real-world environments also impact sensor readings,
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highlighting the necessity of resilient perception modules capable of delivering

robust, reliable inputs under variable conditions. Otherwise, this dependency

may disrupt the planning process and ultimately affect execution fidelity. This

motivated me to address the replanning capability of TAMP in Chapter 6 to

recover from these perceptive failures. These findings indicate that TAMP should

address perceptual robustness and error mitigation strategies for more reliable

and autonomous behaviors.

In addition, distributing onboard computational resources also presents a core

challenge for autonomous robots with online planning. LLM-based planners generally

require cloud usage to process such large models, hence, also depends on network

robustness. In many cases, it became necessary to tradeoff ideal solutions for ones

that were practical within real-world constraints. This experience reinforced the

importance of designing TAMP solutions with scalability in mind, ensuring that

systems can perform effectively in varied conditions while respecting practical

hardware limits.

7.3 Future Directions

To conclude this thesis, I present future directions for task and motion planning

research that I hope to motivate future projects in the field.

Dual-process TAMP planner

In Chapter 6, we utilized LLM to enable interpretable human-robot interaction

that enables replanning upon failures. However, the failure recovery capability

depends entirely on human instruction. Future work can consider extending a

reactive motion planner, reducing human intervention when encountering failure.

Motivated by the dual process theory of human thought similar to [140], the idea

is to integrate a reactive layer that deals with common failures without the need

of human intervention. Balancing between choosing which level of replanning

also poses a challenge in this thread.
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Moreover, robust error-handling mechanisms are essential for real-time adapt-

ability, especially in complex or ambiguous scenarios. Addressing these needs

suggests that future TAMP frameworks would benefit from more advanced feedback

loops that facilitate quick detection of errors and autonomous response, creating

a more resilient planning system capable of overcoming minor issues without

extensive recalibration. This adaptability, paired with error tolerance, is crucial for

reliable TAMP deployment in variable environments and should remain a central

focus for further development. For instance, the REMANI-Planner introduces a

motion planning method capable of generating high-quality, safe, agile, and feasible

trajectories for mobile manipulators in real-time, which is ideal for replanning on

the fly in response to unforeseen changes [141].

Incremental Learning

Developing TAMP algorithms that use incremental learning could allow robots to

continually improve their understanding of environments and tasks. For instance,

a factory robot may need to adapt to slight workspace changes or handle new

objects, which could be achieved through continual learning frameworks [139] that

retain new knowledge without forgetting previous tasks. Further exploration into

incremental learning strategies could improve robots’ long-term adaptability and

reduce the need for offline reprogramming, enabling autonomous adaptation to

varying environments and tasks.

Meta-learning in TAMP could allow robots to generalize skills from previous

tasks and apply them to new ones without extensive retraining. For example,

a service robot might adapt quickly to new household tasks by leveraging prior

knowledge through meta-learning [142]. This approach could reduce the need

for task-specific programming, enabling robots to autonomously tackle a wider

variety of tasks with minimal setup.

Incorporating HITL learning into TAMP can make robots more responsive

to individual user needs and safety requirements by integrating human feedback

directly into the learning process. Robots could adjust their plans based on human
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demonstrations or cues, learning more effectively in shared environments. For

example, Zhu et al. [143] explored combining reinforcement and imitation learning

for interactive learning systems, providing a foundation for HITL TAMP. By

incorporating human feedback, robots could refine their actions, resulting in more

intuitive collaboration and customization in dynamic, user-centered settings.

Human-robot Collaboration

Dynamic task sharing offers a promising avenue for enhancing TAMP in human-

robot collaboration by enabling robots to allocate and reallocate tasks seamlessly in

response to evolving human actions and environmental changes. This adaptability

could be particularly beneficial in both industrial and service environments, where

robots might need to step in temporarily if a human is preoccupied or encounters

physical limitations. Future research could focus on algorithms that dynamically

adjust task allocation based on real-time monitoring of human activity, environ-

mental conditions, and task complexity. For example, Liu et al. [144] introduced

a reinforcement learning-based approach for dynamic task-level decision-making,

which provides a foundation for further work on adaptive TAMP algorithms that

can flexibly assign tasks as circumstances evolve. Building on such foundations,

researchers could design TAMP systems that enhance productivity and safety,

adapting intelligently within shared spaces.

Intention prediction is another area that could significantly impact TAMP by

allowing robots to anticipate human actions and adjust their plans proactively. In

shared task settings, accurate intention prediction could lead to smoother task

execution and reduced latency, as robots could initiate complementary actions

without explicit human commands. This approach could minimize task interruptions,

lower the cognitive load on human collaborators, and enhance efficiency and

safety [145–147]. In short, human intention prediction would enable robots to

engage more fluidly in collaborative tasks, paving the way for more responsive

and adaptive TAMP systems.
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