Task and Motion
Planning with Flow
Matching tor Coupled
Mobile Manipulation

Zuleika M. Redondo Garcia

%
TUDelft



Task and Motion
Planning with Flow

Matching for

Coupled Mobile
Manipulation

/ulertka M. Redondo Garcia

Daily Supervisor: Andreu Matoses Giménez
Main Supervisor:  Javier Alonso-Mora
Faculty: Faculty of Mechanical Engineering, Delft

o]
TUDelft



Acknowledgements

| would first like to thank my main supervisor, Javier Alonso-Mora, who has become an inspiration to
me, not only through his classes but also through the opportunity to work with him as a TA. It has been
a great pleasure to learn from him.

| would also like to thank my daily supervisor, Andreu Matoses-Gimenez, who has been there through
every step of this thesis: encouraging me, listening to my ideas, and helping me shape them into
something we could build together, culminating in a work that | feel incredibly proud of. This could not
have happened without you.

A special thank you also goes to Saray Bakker, who guided me through working with the robot and
helped me during those difficult moments when | could no longer figure out what else to try to make the
hardware work.

To my friends back in Spain, lvan, Alba, Paco, Isabel, and Laura: thank you for always being there and
for making me feel like the most supported person, even from so many kilometres away. Thank you
for making every return home feel as if | had never left.

During these two years, | have met so many beautiful people, and there are memories that will stay with
me for the rest of my life. For the nights at RoboHouse, the kayaking, the burger days, and everything
in between.

Thank you, Robert, for the weirdest and deepest conversations about the most random facts and your
English corrections. Thank you, Kaj, for making every moment at CoR more fun, for our runs filled
with deep conversations, and for your caffeine-and-anxiety-fuelled zoomies. Thank you, Juan, for the
whisky talks, the bonding walks, and the most amazing barbecues — my Colombian brother.

And Harini, who over the past year has become one of those people | would do anything with. Thank
you for being there and for becoming such an important part of this chapter of my life.

Last but certainly not least, | want to thank my family: my mom, my dad, and my sister, Elara. Thank
you for always supporting me, both academically and personally; for listening to me, being patient with
me, celebrating my successes, and being there when things were difficult. Thank you for continuing to
teach me things about life that | still did not know, and | hope that never changes.

For all these reasons, | finish this chapter happy, proud, and deeply grateful.

Zuleika M. Redondo Garcia
Delft, October 2026



Abstract

Task and motion planning for mobile manipulation requires jointly reasoning about high-level action se-
quences and the continuous motions needed to execute them. Classical TAMP methods typically rely
on hand-designed task models and search over candidate symbolic and continuous solutions, which
can become computationally expensive and limit rapid replanning when the environment changes. Gen-
erative approaches offer an alternative by learning planning behaviour directly from demonstrations, but
jointly learning symbolic and continuous plans is particularly challenging when demonstrations must be
collected through real-world teleoperation and are therefore limited in number.

This thesis introduces a Hybrid Flow Matching planner that jointly generates a discrete symbolic task
plan and continuous trajectories for the mobile base and end-effector of a mobile manipulator. The
method builds on a hybrid discrete—continuous generative planning by replacing the diffusion denoising
and training elements with flow matching and introducing the following additional components. Modal-
ity embeddings are introduced to distinguish the two prediction modalities; plan-suffix augmentation
increases the effective number of training samples by extracting several intermediate demonstrations
from the original ones and exposes the model to those intermediate task states; and remasking allows
low-confidence discrete predictions to be reconsidered during inference. The symbolic plan additionally
defines action boundaries at which updated observations can be incorporated for closed-loop replan-
ning.

The method is trained on 109 human-teleoperated demonstrations of a three-cube stacking task and
evaluated on 12 validation demonstrations. Hybrid Flow Matching achieves a symbolic-plan validity
of 55%, with task-completion rates of 30% in open-loop and 41% in closed-loop execution, and a
median end-effector RMSE of 0.255m. Hybrid Diffusion trained on the same suffix-augmented data
achieves higher symbolic validity at 62%, but substantially lower task-completion rates of 6% and 9%,
respectively, with an RMSE of 0.710 m. A motion-only Flow Matching baseline reaches 39% and 52%
task completion, but does not provide an explicit symbolic plan.

Real-system experiments further provide evidence that the jointly generated symbolic and continuous
plans can be executed on the real mobile manipulator and replanned after execution failures. Perfor-
mance nevertheless degrades for under-represented long-horizon configurations, indicating that limited
generalisation remains the main challenge. Overall, the results demonstrate the feasibility of joint sym-
bolic and continuous generation with flow matching in a data-limited mobile-manipulation setting, while
highlighting the trade-off between explicit task-level planning and continuous execution performance.

The source code for this work is available at:
https://github.com/AndreuMatoses/hybrid-flow-planning
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Nomenclature

Symbols

0p Observation of the robot and environment at the start of the current plan-
ning query.

x° Continuous state used during the generative process.

x? Discrete state used during the generative process.

z° Clean continuous trajectory.

z? Clean discrete symbolic sequence.

x§ Continuous trajectory at generative time t¢..

xf; Discrete sequence at generative time t,.

te Continuous generative time.

td Discrete generative time.

€ Gaussian source sample, € ~ N(0,1).

v Continuous velocity field predicted by the model.

£ Predicted categorical logits for the discrete sequence.
1% Vocabulary of discrete symbolic tokens.

H Continuous trajectory horizon.

F, Number of continuous features per waypoint.

Ny Discrete sequence horizon or number of token positions.
N, Number of parameter groups in the observation data.
M Number of symbolic actions in a plan.

K Number of inference steps.

Ad Weight of the discrete loss in the combined training objective.

L Continuous Flow Matching loss.

L4 Discrete categorical reconstruction loss.

€ Small positive constant used for numerical stability and to avoid evaluating
the continuous generative process exactly at its endpoint.

a Sequence of high-level symbolic actions.

ag k-th high-level symbolic action.

b Demonstration index.

M, Number of symbolic actions in demonstration b.

0 Learnable model parameters.

Abbreviations

TAMP Task and Motion Planning.

FM Flow Matching.

HDP Hybrid Diffusion Planner.

Hybrid FM Hybrid Flow Matching planner proposed in this thesis.
EE End-effector.

EOS End-of-sequence token.

MASK Token representing a hidden discrete symbol.
MLP Multi-layer perceptron.

ROS Robot Operating System.

VR Virtual reality.

RMSE Root mean square error.

DoF Degrees of freedom.
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Introduction

Mobile manipulation tasks such as tidying a room or assembling a structure require a robot to decide
what to do and how to move. To stack three cubes on a target table (Fig. 1.1), a robot has to choose
which cube to pick first, from which side of which table, in which position to place it. It also has to
produce the base and arm motion for each choice. The two levels depend on each other: a cube can
only be reached from certain sides of a table, and a covered cube cannot be picked. Task and motion
planning (TAMP) produces both the action sequence and the motion that performs it while keeping
them consistent [17].

Classical TAMP methods search over symbolic action sequences and call a motion planner to check
each candidate [20, 35, 37, 16]. They need a hand-written model of the task: predicates, action oper-
ators, and samplers for continuous parameters such as grasps and base placements. The search is
also expensive, which limits replanning when the scene changes. Learning can guide the search [8,
11] or distill planner solutions into policies [9], but both still depend on the planner and its model.

Generative models trained on demonstrations take a different route. The task knowledge enters through
the demonstrations, so no planning domain is written by hand. A plan then costs one generation pass
with a fixed number of network evaluations instead of a search over candidate plans. Diffusion and
flow matching policies capture the multimodal distribution of demonstrated motion and generate whole
trajectories [19, 7, 24, 5]. On long tasks with several distinct decisions, however, the model blends
different behaviours and the trajectory commits to none of them. Hgeg et al. [18] address this with a
discrete and a continuous diffusion process in one network that generate a symbolic plan together with
the trajectory, and show that the joint generation outperforms trajectory-only generation.

The space of task and motion plans is combinatorial, as each possible action sequence must be
grounded in the geometry of the scene. Prior joint symbolic and continuous generative planners have
therefore relied on hundreds to thousands of demonstrations per task, often generated by scripted ex-
perts on fixed-base manipulators and executed open-loop [18]. For real mobile manipulators, however,
demonstrations are typically collected through teleoperation and cannot be generated at that scale.
This limited coverage raises three challenges: generalisation to unseen scenes and plans, generation
of variable-length symbolic plans, and error accumulation during open-loop execution.

We address these challenges with a hybrid flow matching planner for mobile manipulation trained on
about one hundred real demonstrations. Given an observation of the scene, a single network simul-
taneously generates a discrete symbolic plan and the continuous trajectories of both the mobile base
and the end-effector. To improve data efficiency, we augment each demonstration with its suffixes, the
remaining plan and trajectory after each of its actions, which also enables the planner to replan after
every action.

We evaluate the method on a mobile manipulator building a three-cube tower from 109 teleoperated
demonstrations. Generated plans are validated with a symbolic model, executed in kinematic simula-
tion, and evaluated on the real robot. We compare against motion-only flow matching and the hybrid
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Figure 1.1: The planner on the real robot building the tower R on Y on G. Four frames of one run: the start and end of the first
half of the task (top) and of the second half (bottom). Each frame shows the plan the planner generated from that scene, with
the action in progress highlighted, and the generated waypoints of the base and end-effector. The planner generates the
waypoints of the whole task; for readability only those of the half shown are drawn.

diffusion planner of Hegeg et al. [18], and ablate the proposed components.
The contributions of this thesis are:

» A Hybrid Flow Matching planner for coupled mobile manipulation that jointly generates a discrete
symbolic plan and continuous robot motion, incorporating modality embeddings and remasking
during discrete generation.

» A plan-suffix augmentation method that extracts additional training samples from intermediate
stages of task and motion demonstrations, increasing the available data and providing more
information about the environment at symbolic action boundaries without collecting additional
demonstrations (Section 4.6).

» An evaluation on human-generated demonstrations against motion-only flow matching and hybrid
diffusion [18], with ablations and a deployment on the real robot (Section 5.3).



Related Work

2.1. Mobile manipulation planning

Motion planning for mobile manipulators commonly follows either a decoupled or a coupled approach.
Decoupled methods plan separately for the mobile base and manipulator, introducing a sequential struc-
ture in which each subsystem contributes to task completion. This decomposition divides the planning
problem into smaller subproblems that can be addressed using specialised and efficient techniques,
and has demonstrated reliability in complex tasks [29]. However, requiring the base to reach a sta-
ble configuration before arm motion, or vice versa, limits simultaneous coordination. This can reduce
flexibility and negatively affect operational speed and energy efficiency [33, 41].

Coupled methods instead treat the mobile manipulator as a single kinematic system, planning jointly
over the base and arm configurations [29, 21, 6]. Considering the complete configuration space enables
more coordinated behaviour, but also increases the complexity of the planning problem. In particular,
the larger number of degrees of freedom and kinematic redundancy make joint planning computationally
demanding [33, 29].

2.2. Long-horizon planning in robotics

Long-horizon tasks require reasoning over extended action sequences, during which errors in state
estimation, dynamics prediction, and execution can accumulate and lead to task failure. Hierarchical
planning addresses this challenge by decomposing complex objectives into smaller subgoals or tasks
[3, 32]. This decomposition allows planning to operate at different levels of abstraction while retaining
the need to connect high-level decisions with executable actions.

For example, [13] uses two large language models (LLMs), with one acting as a planner and the other
as an executor. The planner generates a high-level task sequence, while the executor decomposes
it into actions that account for the geometry of the surroundings. Although this separation improves
performance over the single-model approaches considered in that work, repeated computation after
each action increases planning time.

A skill-based Task and Motion Planning (TAMP) framework is presented in [32]. Each predefined skill
describes a mode of interaction with the environment and its constituted objects. Planning involves se-
lecting a sequence of skills and optimising their continuous parameters, such as contact locations and
end-effector poses. Linking task selection with motion-level parameterisation helps address incompat-
ibilities between intermediate decisions and the final goal. These approaches illustrate the importance
of coordinating symbolic decisions and continuous motions over the full task horizon.

2.3. Generative models for task and motion planning

Generative models, particularly diffusion models, have been explored for behaviour generation and
long-horizon planning. They offer an alternative to policy-learning approaches with limited long-horizon
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reasoning and classical TAMP methods that depend heavily on symbolic representations [25]. However,
generalisation remains a challenge, motivating combinations of diffusion models with other planning
and learning frameworks [23, 14].

Janner et al. [19] formulate planning as the generation of complete state—action trajectories through
iterative denoising. Rather than learning a one-step dynamics model and subsequently optimizing
over it, the method learns a distribution over trajectories. A separate return model guides sampling
towards high-reward behaviour, while conditioning incorporates the current state and, optionally, a goal.
AdaptDiffuser extends this approach by generating synthetic trajectories to increase the training dataset
[22]. Candidate trajectories of unseen scenarios are generated using reward guidance and filtered
before being used as additional training data. Repeating this process improves generalisation, although
difficulties remain in high-dimensional settings.

Diffusion models have also been used as expressive policy representations in offline reinforcement
learning. Wang et al. [40] parameterise the policy as a conditional denoising diffusion model capable
of representing multimodal action distributions. Their objective balances consistency with the fixed
training dataset and preference for out-of-dataset high-value actions. This combines policy regulariza-
tion with policy improvement, although increasing the number of denoising steps introduces a trade-off
between policy quality and computational cost.

For visuomotor control, Diffusion Policy [7] generates action sequences conditioned on visual obser-
vations and robot state information. Visual features and additional state inputs condition the denoising
process, which progressively transforms noisy actions into a predicted sequence. A receding-horizon
strategy regenerates future actions from updated observations, supporting multimodal behaviour and
recovery from deviations. Nevertheless, iterative inference introduces computational overhead, while
longer prediction horizons may reduce responsiveness, therefore, balancing these two parameters
is key. However, as a behaviour-cloning approach, the method also remains dependent on the be-
haviours represented in the training demonstrations.

Another direction combines LLM reasoning with diffusion-based generation. PlanDiffuser [30] uses
scene information and task prompts to generate a high-level action sequence through an LLM. Diffusion-
based inpainting then produces intermediate images representing the planned changes in the scene,
and a goal-conditioned policy translates these visual goals into control actions. The process is applied
iteratively until the goal is reached. Although the approach improves long-horizon performance over the
evaluated end-to-end and open-loop LLM planners, errors in perception, reasoning, or image genera-
tion may propagate through the pipeline. Furthermore, generated subgoals may not satisfy the robot’s
physical or kinematic constraints.

Diffusion models can also support spatial reasoning. Ji et al. [42] use LLM-derived knowledge about
object-room relationships to guide semantic map generation for object navigation. Starting from partial
observations, the method estimates likely object locations in both observed and unexplored regions.
The resulting belief map guides exploration towards promising areas. Although diffusion is triggered
selectively to limit delays, the additional computation remains a limitation.

Closer to manipulation planning, Generative Skill Chaining [26] combines separate diffusion models for
individual skills. Each model represents a distribution over input states, action parameters, and output
states. Given a predefined skill sequence, the method refines intermediate states and parameters to
promote both local feasibility and consistency with the final goal. In particular, the output of one skill
must be compatible with the next skill in the sequence. The framework also allows geometric constraints
to be incorporated at inference time without retraining. However, it requires the symbolic sequence to
be supplied in advance and therefore addresses skill parameterisation without autonomously selecting
the skills or their order.

2.4. Hybrid Diffusion Planner

The Hybrid Diffusion Planner (HDP), introduced by Haeg et al. [18], addresses this separation by jointly
generating discrete symbolic plans and continuous trajectories. Its shared denoising network infers
both representations, allowing the symbolic task sequence and its associated motion parameters to
be generated together. This joint formulation provides the methodological basis and baseline for this
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thesis.

The continuous component uses a Denoising Diffusion Probabilistic Model (DDPM) to generate tra-
jectory parameters. During training, isotropic Gaussian noise corrupts the continuous plans, and the
network learns to reverse this corruption. Iterative denoising then transforms noise into a trajectory that
follows the learned continuous plan distribution.

The discrete component uses the MD4 masked diffusion framework [31] to model symbolic sequences.
Instead of perturbing tokens with Gaussian noise, the forward process replaces them with an absorb-
ing MASK token. The network is trained to predict the original symbols through a cross-entropy-based
objective. Its predictions define categorical distributions over the task vocabulary, from which tokens
are sampled during reconstruction. This provides a discrete counterpart to the denoising process used
for continuous trajectories.

HDP is trained on paired continuous and discrete plans, with separate noise schedules controlling cor-
ruption in the two modalities. A shared denoising network processes both corrupted representations,
conditioned on an initial observation that may consist of images or lower-level state information. Dif-
ferent corruption levels allow the modalities to complement one another during reconstruction. The
training objective combines the continuous DDPM loss with a weighted discrete masked diffusion loss,
balancing the optimisation of the two components.

At inference time, the continuous trajectory is initialised with noise and the symbolic sequence is fully
masked. Conditioned on a new observation and specified planning horizons, the model iteratively re-
fines both representations through reverse diffusion. The resulting output consists of a symbolic plan
and its corresponding continuous trajectory, as illustrated in Figure 2.1. Symbolic planning and mo-
tion generation therefore occur within the same denoising process, rather than in successive planning
stages.

s
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Figure 2.1: Joint denoising of continuous trajectories and discrete symbolic plans in the Hybrid Diffusion Planner [18].

HDP reports strong performance relative to the evaluated diffusion-based and motion-only planning
baselines in simulation and on real robotic platforms [18]. It also supports conditional sampling and
can operate on image observations, although these introduce additional representational complexity
and a moderate performance decrease. Its relevance to this thesis lies particularly in the simultane-
ous treatment of symbolic and continuous planning: the high-level sequence is inferred alongside the
motion trajectory, without requiring a predefined skill sequence.

Our work builds on this hybrid formulation, replacing diffusion with flow matching and studying the more
data-limited setting of teleoperated mobile-manipulation demonstrations.
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2.5. Data efficiency and closed-loop replanning in robot learning
Several approaches improve data efficiency by extracting additional learning signal from existing expe-
rience or by incorporating prior structure into the policy. Hindsight Experience Replay (HER) relabels
previously collected transitions with alternative goals that were actually achieved during execution, al-
lowing unsuccessful attempts with respect to the original goal to still provide useful learning signals for
goal-conditioned policies [2]. Different relabeling strategies select achieved goals from the final state,
future states, or other states observed during training, with goals achieved later in the same trajec-
tory providing particularly useful supervision. In contrast, equivariant policies exploit known geometric
structure rather than relabeling experience. Equivariant Diffusion Policy incorporates planar SO(2)
symmetry into the denoising model while supporting full 6-DoF control, improving sample efficiency
and generalisation by enforcing transformations that are known a priori to preserve the underlying ma-
nipulation problem [39]. These approaches illustrate two complementary mechanisms for improving
learning from limited data: generating additional supervision from existing experience and embedding
task symmetries directly into the model.

A complementary direction addresses the accumulation of execution errors over long horizons through
action chunking and closed-loop replanning. Rather than predicting a single action independently at
every timestep, Action Chunking with Transformers (ACT) predicts a fixed-length sequence of & fu-
ture actions, reducing the effective decision horizon and maintaining temporal consistency [43]. To
retain responsiveness to new observations, overlapping action chunks can additionally be combined
through temporal ensembling, allowing predictions made at successive timesteps to contribute to the
executed action. Diffusion Policy similarly predicts sequences of future actions, but explicitly adopts
receding-horizon control: only an action horizon from the predicted sequence is executed before the
environment is observed again and a new sequence is generated [7]. This provides a trade-off be-
tween temporal consistency, obtained by predicting coherent action sequences, and responsiveness
to deviations that arise during execution. Such closed-loop execution is particularly relevant for long-
horizon manipulation, where small prediction or control errors can accumulate if a complete trajectory
is executed open-loop.

The benefits of action chunking and additional co-training have also been demonstrated in real-world
mobile manipulation. Mobile ALOHA applies action-chunking policies to long-horizon bimanual mobile
manipulation tasks and supplements relatively small sets of task-specific mobile demonstrations with
co-training data collected on the related static ALOHA platform [15]. This combination improves data ef-
ficiency and helps the learned policies recover from errors arising during extended mobile manipulation
tasks, where inaccuracies in both manipulation and base motion can accumulate over time.

Our work draws on both data-efficient training and closed-loop replanning. To increase the amount of
supervision available from the limited demonstration set, we use plan-suffix augmentation, which trans-
forms each demonstration into multiple training samples corresponding to different intermediate stages
of the task. During execution, the planner repeatedly conditions on the updated state of the environ-
ment rather than committing to the complete initially generated trajectory. In contrast to approaches
that replan after a fixed temporal action horizon, our method performs replanning at symbolic action
boundaries.



Problem Definition

3.1. Goal

The goal is considered successfully accomplished once the robot has finished executing the predicted
plan and the cubes form a tower with the green cube at the base, the yellow cube in the middle, and
the red cube on top. This tower must be located on a specific table, Table 1.

3.2. Formulation

A task is defined by an observation of the initial state of the robot and environment, denoted by oy. In
this work, the task goal is fixed across all demonstrations and evaluation tasks: the red cube must be
placed on the yellow cube, the yellow cube on the green cube, and the resulting tower must be located
on Table 1. Therefore, the goal is not provided to the model as an additional conditioning variable.

A solution consists of two aligned components: a discrete symbolic plan and a continuous robot trajec-
tory. Let the symbolic plan contain M high-level actions,

a=lay,as,...,apm], (3.1)

where each ay, represents a high-level action together with its corresponding arguments. In this work,
the action types are Move_to(region), Pick(cube), and Place(cube, support), where the support may
be either a cube or a table. Each action is associated with a segment of the continuous trajectory
containing the waypoints required to execute it.

For learning, the symbolic plan is represented as a clean sequence of discrete tokens,

zd = (zf,...,zj‘{,d) , z;-i ev, (3.2)

where V denotes the discrete vocabulary and N, is the sequence length. The vocabulary contains
action types, cube identifiers, table identifiers, approach-region identifiers, and the End-Of-Sequence
token EOS.

The corresponding clean continuous trajectory is represented as

z¢ = [z5,...,25] € RE*Fe (3.3)

where H denotes the trajectory horizon and F, is the number of continuous features at each waypoint.
Each waypoint contains the robot state required for execution, including the mobile-base pose, end-
effector pose, and gripper state.

The discrete actions and continuous trajectory are aligned through action boundaries. For each action
ay, a corresponding subset of consecutive waypoints in z¢ describes the continuous motion executed

7
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while that action is active. This alignment is later used to construct the plan-suffix training samples
described in Section 4.6.

The planning problem is therefore formulated as learning the conditional joint distribution

Do (Zdazc ‘ 00) ) (34)

from which the symbolic plan and its corresponding continuous trajectory are generated jointly.

A generated symbolic plan is considered valid if its action sequence can be executed from the initial
symbolic state and results in the desired task goal. For evaluation, an abstraction ¢ maps the initial
observation to a symbolic state, and a transition function f maps an applicable action and the current
symbolic state to the next state:

S1 = ¢(00), Sk+1 = f(sk,ak). (35)

The plan is valid if the state obtained after the final action satisfies the fixed task goal. A generated
solution is considered successful if execution of the continuous trajectory results in the desired physical
cube configuration.

During closed-loop execution, only the continuous trajectory segment associated with the current sym-
bolic action is executed before a new observation is acquired and the model is queried again. Conse-
quently, the same planning problem can be solved from intermediate task states during replanning.

3.3. Requirements and Challenges
Several assumptions and challenges are made about the problem setting.

» The environment is fully observable, meaning that geometric constraints and key element poses
are assumed to be known. In a real-world deployment, these element poses would typically be
obtained through a perception pipeline; however, due to time constraints, they are assumed to
be perfectly defined in this work using a Motion Capture System.

+ All objects in the environment are assumed to be rigid, i.e., they do not deform under contact with
the robot. However, only some of them are movable: the cubes, whereas the tables remain in
the same position from start to end.

» The robot is assumed to be able to hold only one object at a time, i.e., one cube at a time.
Some requirements for the project are:

» The planning must contain two main parts: a task plan with a sequence of actions and a mo-
tion plan consisting of a series of parameters that define the movement of the robot throughout
execution.

» The continuous motion component must precisely define trajectories for the mobile manipulator’s
base and arm, using either the end-effector pose or the robot joint configuration.

» The mobile manipulator will move around its environment, accounting for the different geometric
constraints defined, avoiding known obstacles, and accomplishing the goal defined at the begin-
ning of this section.

* Rather than treating base navigation and arm manipulation as a sequence of independent tasks,
the system should generate simultaneous, coupled motions through a whole-body execution
framework.



Hybrid Flow Matching Method

4.1. Construction of corrupted inputs

Training the hybrid flow-matching model requires the construction of corrupted versions of both the
discrete task sequence and the continuous trajectory. Each modality is associated with a generative
time that determines its corruption level, with (t=0) corresponding to the noisy distribution and (t=1) to
the clean data.

Following [18], the discrete and continuous times, t; and t.., are initially sampled independently for each
demonstration in a batch. Both are drawn uniformly from [0, 1 — ¢], where ¢ > 0 avoids evaluating the
continuous target vector field at its singular endpoint. To emphasize examples in which both modalities
are heavily corrupted, each demonstration has a probability of (0.25) of having both times replaced by
a shared value sampled uniformly from [0, 0.2].

The corrupted inputs are then constructed as follows:

» Discrete sampling: Each symbol in the task vocabulary is represented by an integer token,
and an additional MASK token represents a hidden symbol. Given a clean sequence 2% and time
tqy € [0,1], each position is independently retained or masked using Bernoulli sampling [34].
Specifically, a retention indicator r; ~ Bernoulli(¢,) determines whether the token at position i
is retained (r; = 1) or masked (r; = 0), yielding

. _ .
. {Zi7 with probability ¢, (4.1)

Pt = | MASK,  with probability 1 — ¢,.

where i denotes a position in the sequence. Thus, the path transitions from a fully masked se-
quence at t; = 0 to the clean sequence at t; = 1.

» Continuous sampling: Following the flow-matching framework of [24], we use a straight-line
conditional path between Gaussian noise and a clean trajectory:

xp =tz + (1 —t)e, e~ N(0,1), (4.2)

where z. is the clean continuous trajectory and ¢ is an independent standard isotropic Gaussian
sample of the same dimensionality. At t. = 0, the input consists entirely of noise; at t. = 1, it
equals the clean trajectory.

The model receives the corrupted continuous trajectory and discrete sequence, their corresponding
generative times, and the initial observations of the demonstration. It predicts the continuous velocity
at the current trajectory sample and a probability distribution over clean token values at each discrete
sequence position. These predictions are used to compute the continuous and discrete training losses,
respectively.
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4.2. Input representation and conditioning

The model operates on heterogeneous inputs consisting of continuous trajectory parameters, discrete
action sequences, observations, and generative-time information. Before being processed by the trans-
former, these inputs are projected into a common embedding space of dimension e;4. This allows the
model to jointly process information with different structures and dimensionalities.

Continuous and discrete input embeddings
The continuous and discrete components of a trajectory are initially embedded separately. Let the
continuous trajectory be represented as

X¢ e RF*Fe (4.3)

where H denotes the trajectory horizon and F, is the number of continuous features at each trajectory
step. The continuous trajectory can therefore be interpreted as a two-dimensional array whose axes
correspond to trajectory steps and features.

Following a patch-based representation similar to that used in Vision Transformers [10], the continuous
input is divided into patches and projected into the embedding space using a convolutional layer. In
our implementation, patches have size 1 x F,, where F, is the dimensionality of a continuous waypoint.
Each patch, therefore, contains one complete waypoint, resulting in one continuous token per temporal
step. More generally, for a patch size Py x Pr, the number of continuous tokens is

NC:{H;PHHJ {FC_PF—&-lJ, (4.4)

H

where Sy and Sr denote the convolution strides along the trajectory and feature dimensions, respec-
tively. When the stride is equal to the patch size and the dimensions are exactly divisible, this expres-
sion simplifies to

H F,
Ne =y B o
In the configuration used in this work, Py = 1 and Pr = F, such that each token corresponds to one
full waypoint. Therefore,
N.=H (4.6)

Finally, the patch projection produces the continuous token representation as

¢ ten = Flatten (Conv (X)) € RNex¢, 4.7)

On the other hand, the discrete trajectory is represented as a sequence of categorical variables,

st = [o,.. 2t ], (4.8)

where Ny is the length of the discrete sequence. Each categorical value is mapped to a learned em-
bedding vector through an embedding lookup table:

El jen = [Embg(zf);...;Embg(z%,,)] € RNe*e, (4.9)

token

Thus, despite having different original representations, both the continuous and discrete inputs are
transformed into sequences of vectors with the same embedding dimension e,.
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4.2.1. Positional and Modality embeddings

Following [18], positional embeddings are added to preserve information about the position of each
token within its corresponding sequence. Separate learned positional embeddings are used for the
continuous and discrete components:

P ¢ RNexea, P? ¢ RNaxea, (4.10)

These parameters are initialised using samples from a normal distribution.

In addition, one of the implementations that was included is modality embeddings. Modality embed-
dings allow the model to distinguish between tokens originating from the continuous and discrete modal-
ities. Two learned vectors are introduced:

7,74 e R, (4.11)
where 7¢ identifies continuous tokens and ¢ identifies discrete tokens. Each vector is broadcast across
all tokens of its corresponding modality.

The complete embeddings for the continuous and discrete inputs are consequently given by

Z¢ = By, + P+ 1n, (%), (4.12)
Z! = Bjjjen + P!+ 1y, (7T, (4.13)

token
where 1 is a column vector of ones used to broadcast a modality embedding across N number of
tokens.

Finally, the continuous and discrete embeddings are concatenated along the token dimension:

Z = Concat (Z¢,Z%) € RWetNa)xea, (4.14)
This combined token sequence is used as the input to the transformer layers.

4.2.2. Generative-time embeddings

As will be described in Section 4.5, the continuous and discrete trajectory components may be evalu-
ated at different generative times, denoted by ¢, and ¢4, respectively. Both generative-time values are
encoded using sinusoidal embeddings and concatenated.

e; = Concat [PE(t.), PE(tg)] € R*, (4.15)
where ¢; is the dimension of each individual sinusoidal time encoding.
A modality embedding is also incorporated into the time representation, allowing the model to distin-

guish the generative time associated with each modality. The resulting time embedding is used to
condition the transformer during the generative process.

4.2.3. Observation embeddings

The model is additionally conditioned on the (initial) available observation data. Since the observation
vector contains heterogeneous quantities, such as robot states, object poses, and scene parameters,
its components are divided according to their semantic type. Let

o= [0(1),0(2),...,0(N“) (4.16)

denote an observation composed of N, parameter groups. Each group is independently projected into
the common embedding space:
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= (6) £ k=1 @

obs obs

where fé’,jg is the projection associated with observation type k, and Tf)'{;)s is its learned observation-
modality embedding.

The complete observation representation is obtained by combining the embedded parameter groups:

E.,s = Concat (e(()t)s, e ,egjk\fs")) . (4.18)
By explicitly encoding the semantic type of each observation component, the model can distinguish
between heterogeneous sources of information and learn the relationships between the scene state,
the discrete task sequence, and the continuous trajectory.

Finally, the observation and generative-time embeddings are combined to form the conditioning infor-
mation provided to the model, also called memory, as indicated in Figure 4.1. This allows the generative
process to be conditioned on both the initial state of the environment and the generative times of the
continuous and discrete components, as further explained in Section 4.5.

4.3. Training Procedure

Planning with the proposed model involves two main processes: training and inference. During training,
the model learns to reconstruct continuous trajectories and discrete task sequences from corrupted
samples while being conditioned on observations of the initial state of the environment.

4.3.1. Padding

The demonstrations collected using the real robot contain different numbers of trajectory steps. This
variability arises because the demonstrations may contain different task sequences or require different
numbers of waypoints to complete the task.

Also, unlike in the baseline method [18], the demonstrations were gathered by a human and not by a
scripted expert, making it impractical to create motion trajectories of the same horizon.

To process multiple demonstrations within the same batch, the continuous trajectories must share a
common temporal dimension. Repeating the final waypoint, rather than introducing an arbitrary con-
stant value, maintains a physically consistent stationary configuration throughout the padded section
of the trajectory.

A binary validity mask is also created to distinguish the original trajectory from the padded waypoints.

The discrete task sequences are padded in a similar manner. Each valid sequence terminates with
an End-of-Sequence (EOS) token, which indicates that the task plan has been completed. Sequences
shorter than the maximum sequence length among all demonstrations are extended using a designated
fill token:

Thus, the padded discrete sequence has the structure

Xy = [xg,lw--7$EOSaxﬁllz~-~7$ﬁll] . (4.19)

The EOS token is part of the valid task sequence and must therefore be learned by the model. In
contrast, the fill tokens only occupy the unused positions following the EOS token. A discrete validity
mask identifies this distinction as well.

Padding is introduced only to construct tensors with consistent dimensions. Consequently, repeated
continuous waypoints and discrete fill tokens are excluded from the corresponding loss calculations
through their validity masks. The EOS token, however, remains a valid element and contributes to the
discrete training objective.
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4.3.2. Loss calculation

After padding, separate generative times are sampled for the continuous and discrete components. The
continuous trajectory is corrupted using noise sampled from an isotropic Gaussian distribution (Equa-
tion 4.2), with the sampled continuous generative time determining its corruption level. For the discrete
sequence, independent Bernoulli retention indicators are sampled over the valid token positions, with
retention probability ¢, [34]. Tokens whose indicators equal zero are replaced by the MASK token, cor-
responding to a masking probability of 1 — ¢; (Equation 4.1). The padded positions following the EOS
token are also replaced by MASK tokens before the sequence is provided to the model, preventing an
explicit padding boundary from revealing the original sequence length. These padded positions remain
excluded from the loss calculation through the discrete validity mask.

Given the sampled generative times, the partially corrupted demonstration, and the observation of the
initial state of the environment, the model jointly predicts the continuous velocity and the categorical
logits for the discrete sequence. Since these outputs have different mathematical representations, a
separate loss function is calculated for each component.

Discrete loss The discrete branch predicts a categorical distribution over the possible tokens at each
sequence position. Its output can be represented by a set of logits

£, ; € RY, (4.20)

where C is the number of discrete token classes.

Cross-entropy loss is calculated only at positions that are both valid and masked during the corruption
process. Letr, ; = 0 indicate that token j was masked and must be reconstructed and mj ; the discrete
validity mask. The discrete loss for demonstration b is then '

Ng
> mi (1= rb,) CE (5. 7. ;)
cl=2= - , (4.21)
Zmﬁj(l Ty ) €
j=1

where zb is the ground-truth token and ¢ is a small constant that prevents division by zero. Normalising
by the number of valid masked tokens prevents demonstrations with longer discrete sequences from
having a disproportionately large contribution to the loss.

Continuous loss For the continuous component, the model predicts the velocity associated with the
flow-matching process. Let

Vb,h =Vy (X§7bvxtd7b7tcatd70b,o)h (422)

denote the predicted continuous velocity at trajectory step h, where o, ( represents the observation
of the initial state of the environment. Given the target velocity for each demonstration u,, which is
obtained following Equation 4.24 [24], the continuous loss for demonstration b is calculated as

Ly = , (4.23)

C

Fc m67h+5

=
—
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where F. is the number of continuous features per trajectory step and mj ,, is the continuous validity

mask. By excluding padded trajectory steps and normalising by the number of valid continuous values,

longer demonstrations do not receive greater weight solely because they contain more waypoints.

2y —
1—t,

where zj ), is the clean continuous state at trajectory step h and for demonstration b, €, , is the corre-

sponding sampled Gaussian noise vector, and ¢, is the continuous generative time.

c
c Tte,b
Up = 2 — €p =

(4.24)

The losses are averaged over the demonstrations of the selected batch and finally, the continuous and
discrete objectives are combined as

L= L4 ML, (4.25)

where )\; is a scaling factor that controls the contribution of the discrete loss into the combined loss
[18] and, £¢ and £? are the averaged losses of the continuous and discrete parts, respectively. The
resulting combined loss is used to optimise the model parameters.

The complete training procedure is summarised in Algorithm 1.

4.4. Prediction Procedure

After training, the model can generate a hybrid plan from an observation of the initial state of the envi-
ronment. The generation process starts from a fully corrupted continuous trajectory and a fully masked
discrete sequence. Both components are then progressively refined over a fixed number of inference
steps, similarly to [18].

Let K denote the number of inference steps. The continuous and discrete time intervals are discretised
as

O=ti<ti<---<th=1, O0=td<t?<.. . <tlf=1. (4.26)

where t, = 0 corresponds to the fully corrupted state and ¢t = 1 corresponds to the generated plan.
For the continuous component, the integration step at iteration & is

AL = % (4.27)

The prediction procedure consists of the following steps:
1. The continuous trajectory is initialised by sampling from a Gaussian distribution:
x5~ N (0,1). (4.28)

The valid positions of the discrete sequence are initialised using the mask token:

0 = Tmask, j=1,...,Ny. (4.29)

2. At every inference step k, the current continuous and discrete states are passed through the
model together with their generative times and the initial-state observation:

(vk,Ek) = f9 (X27Xz>t27tz500) ’ (430)

where vy, is the predicted continuous velocity and £, contains the predicted logits for the discrete
tokens.
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3. The continuous trajectory is updated using an Euler integration step [12]:

X§ 1 = X + ALV (4.31)

4. For the discrete component, the logits are converted into categorical probabilities:

Pr,; = softmax (€ ;) . (4.32)

At each inference step, the discrete sampling schedule determines which of the positions that
remain masked are selected for unmasking. For each selected position, the token with the highest
predicted probability among the tokens is revealed:

37Z+1,j = arg mcaxﬁk-,j(c)a (4.33)

where c ranges over all token classes in the discrete vocabulary. Positions that are not selected for
unmasking retain the MASK token, while previously revealed tokens remain unchanged unless
they are later selected by the remasking procedure.

Another of our additional implementations was remasking. Remasking is performed at three
evenly spaced iterations during inference. At each remasking step, the confidence of every pre-
viously revealed token is obtained from the categorical probability assigned to its current value.
The lowest-confidence 10% of these tokens are replaced by the MASK token, allowing uncertain
early predictions to be reconsidered using the additional context available at later iterations. The
discrete generative time is adjusted accordingly before being passed to the model at the next
iteration.

5. Steps 2—4 are repeated for K inference iterations. The resulting continuous trajectory x$. and
discrete sequence x¢ constitute the generated hybrid plan.

Throughout this procedure, the initial-state observation o, remains fixed and conditions every inference
iteration. Therefore, although generation begins from random continuous values and masked discrete
tokens, the resulting plan is guided towards a solution that is consistent with the initial configuration of
the robot and its environment.

After the final inference step, the generated discrete sequence is truncated at the first End-Of-Sequence
token, (EOS). The EOS token marks the end of the predicted symbolic plan, and all tokens appearing
after it are discarded.

The complete prediction procedure is summarised in Algorithm 2.

4.5. Transformer pipeline

The hybrid flow-matching model is parameterised using a sequence of Transformer blocks. Each block
contains three principal components: self-attention, cross-attention, and a position-wise feed-forward
network. Together, these components allow the model to capture dependencies within the hybrid plan,
condition its predictions on the initial environment state and generative times, and transform the result-
ing token representations non-linearly. The position of this structure within the architecture is visible in
Figure 4.1.

1. Self-attention

The continuous trajectory tokens and discrete symbolic tokens are combined into a single se-
quence and processed using self-attention. This mechanism allows every token to attend to all
the other tokens in the hybrid sequence, independently of their relative distance [38]. Given query,
key, and value matrices Q, K, and V, respectively, scaled dot-product attention is calculated as

Attention (Q, K, V) = soft (QKT) \' (4.34)
ention (Q, K, V) = softmax [ —— , i
Vdy,
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where d;, is the dimensionality of the key vectors. In the self-attention component, the queries,
keys, and values are obtained from the same hybrid token sequence. The multi-head formulation
performs this operation using multiple learned projections, enabling the model to capture different
types of relationships simultaneously.

This component is particularly important in the proposed architecture because it enables informa-
tion exchange between the continuous and discrete modalities. For example, discrete symbolic
tokens can attend to the continuous trajectory segments associated with their execution, while
continuous tokens can incorporate information about the task-level action sequence.

The position and modality embeddings introduced in Section 4.2.1 provide additional information
before self-attention is applied. Position embeddings preserve the ordering of tokens, whereas
modality embeddings allow the model to distinguish between continuous and discrete represen-
tations.

2. Cross-attention

The output of the self-attention component is subsequently processed using cross-attention. Cross-
attention allows one sequence to retrieve and integrate relevant information from a separate con-
ditioning sequence [36].

In this architecture, the hybrid plan tokens provide the queries, while the keys and values are
obtained from a conditioning representation that combines the observation of the initial state with
the continuous and discrete generative-time embeddings. This combination is called memory, as
shown in Figure 4.1. Consequently, the cross-attention operation can be expressed as

Zr0ss = Attention (ZplanWQ, CWE, CWV) , (4.35)

where Z,.,, denotes the hybrid plan representation, C denotes the conditioning representation,
and W?, WX and WV are learned projection matrices.

This conditioning mechanism enables the model to relate the discrete task sequence and continu-
ous trajectory to the initial robot and environment configuration. The generative-time embeddings
additionally inform the model of the current corruption level of each modality, allowing it to produce
an appropriate generative prediction at every stage of the flow-matching process.

3. Position-wise feed-forward network

The attention components are followed by a position-wise feed-forward network, also referred to
as a multi-layer perceptron (MLP). It applies the same non-linear transformation independently to
the representation of every token [1].

While the attention components exchange information between tokens and conditioning inputs,
the feed-forward network transforms each resulting token representation independently. This
enables the model to learn more complex non-linear features after the relevant relationships have
been identified through attention.

After the final Transformer block, separate output heads are used for the two modalities. The continuous
output head predicts the velocity field used to update the continuous trajectory, whereas the discrete
output head produces categorical logits for the task tokens (Figure 4.1). Thus, the shared Transformer
representation enables joint reasoning over both components of the plan while preserving the modality-
specific outputs required by their respective generative processes.

4.6. Data augmentation

To improve the generalisation capability of the model, the original demonstrations are augmented by
extracting valid subtrajectories. This procedure increases the effective number of training samples
and exposes the model to initial environment states that occur at intermediate stages of the original
demonstrations.

Each demonstration is divided into suffixes according to its discrete action boundaries. Let a demon-
stration contain the ordered action sequence
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Figure 4.1: Architecture diagram. The symbolic plan tokens and the waypoints get a token embedding or a linear layer, a
learned modality and positional embedding, and form one sequence for the transformer. Its cross-attention reads the memory:
one token per flow time and one per observation component (an MLP), each with a modality embedding. The token head gives
lg at every symbolic position and the velocity head vy at every waypoint.

(b)

NGYAR

a0 = [,

al? (4.36)

where M, is the number of actions in demonstration 4. Each action ag’) is associated with the contin-
uous waypoints executed while that action is active. This association is obtained from an additional
annotation that assigns an action index to every waypoint in the demonstration.

Starting from the complete demonstration, new training samples are generated by progressively remov-
ing actions from the beginning of the sequence, together with their associated continuous waypoints.
An example of this is shown in Figure 4.2.

— Move_to Pick Y, Place Y

— Pick R, Place R

RG1

Xq4: .Pick , Move_to RG1, .Place on G, .., .Place R on

= suffix M (from o,,) 4

: F suffix 3 (from 0,)
: Fsuffix 2 (from 0,)
+ suffix 1 (from o.)

Figure 4.2: Example of plan suffixes generated out of one single demonstration [28].
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This way, the observation recorded at the beginning of each action becomes the initial-state observation
of the resulting subtrajectory.

For example, a demonstration containing the action sequence [a;, a2, a3] produces the following training
samples:

[(11, as, (13} 5 [(12, (13} y [(13} , (437)

each paired with its corresponding continuous trajectory and initial-state observation.

Each action is represented by an action token followed by its corresponding arguments. A Move_to
action is followed by an approach-region token, a Pick action by a cube token, and a Place action by a
cube token and a support token, where the support may be either another cube or a table. An example
of a possible discrete sequence is given in Equation 5.1.

This augmentation allows the model to learn how to complete the task not only from the original initial
configuration, but also from the intermediate environment states reached after executing each action.
Given M, actions in demonstration b, the procedure produces M, valid training samples, including the
original complete demonstration. The effect of training with and without this subtrajectory augmentation
is evaluated in Section 5.3.



Results

5.1. Environment

The environment used to evaluate the accuracy and performance of the method is shown in Figure 5.1
as a simplified version of the actual setup. The most important elements are listed below.

» 3 Cubes: The setup includes three cubes that have a side of 6.5 cm and are the only elements
that the robot can manipulate.

These can be positioned on any of the tables and on top of each other. Towers can be formed by
two or three cubes. If the tower consists of three blocks, it can only be positioned on Table 3 or
Table 1; if it consists of two blocks, it can be positioned on any of the tables.

+ 3 Tables: Two of the three tables are positioned to the left of the setup and are next to each other,
allowing the robot to approach them from only three sides. This constraint influences how the
robot handles manipulation tasks. Moreover, the tables have different heights, adding complexity
to the task.

Table 1 is located to the right and determines the final position of the goal tower.

» Robot: To execute the predicted planning tasks, the Dinova robot [4], developed by the AMR lab at
Delft University of Technology, is used. This robot combines a holonomic mobile base (Clearpath
Dingo-0) with a six-joint arm (Kinova Gen3 Lite), allowing it to move around the environment and
manipulate the cubes from one table to another to achieve the final goal.

Figure 5.1: Schematic of the experimental environment. It shows the 3 tables available, 2 on the left next to each other and 1
on the right, which indicates the goal table; 3 cubes with different colours: red, yellow, and green, and the mobile manipulator.

19
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5.2. Dataset Generation

The dataset was collected using the real-world experimental setup shown in Figure 5.2. The positions
of the three tables remained fixed throughout the data-collection process, while the robot and cubes
were moved between demonstrations. The initial position and orientation of the robot were also varied
around the environment.

Figure 5.2: Top view of the experimental setup used for dataset collection with approach-region labels, table names and cube
names indicated.

In total, 121 demonstrations were recorded, of which 109 were used for training and 12 for validation
(Figure 5.4). In contrast to the baseline method in [18], which relies on demonstrations generated by
a scripted expert, our dataset was collected through human teleoperation. This introduces additional
variability into the demonstrations, since the executed trajectories are not perfectly repeatable and may
contain small inconsistencies or execution errors. At the same time, these demonstrations more closely
reflect the variability that can be expected when collecting data directly from a real robotic system.

To introduce further variability into the dataset, the demonstrations were divided into three categories
according to the initial cube configuration (Figure 5.3):

* Demonstration type 1: Green cube on Table 1.

In this category, the green cube, which forms the base of the target tower as described in Sec-
tion 3.1, is initially located on Table 1, its required final table. At least one of the other two cubes
is located on either Table 2 or Table 3. The red and yellow cubes may be placed separately or
stacked on one of these tables. Alternatively, one of them may initially be placed on top of the
green cube on Table 1, while the other remains on Table 2 or Table 3.

+ Demonstration type 2: Table 1 unoccupied.

For this category, Table 1 is initially unoccupied. All three cubes are distributed between Table 2
and Table 3. The cubes may be placed individually or stacked on top of one another, resulting in
configurations from which the complete target arrangement must be constructed on Table 1.

+ Demonstration type 3: Red or yellow cube on Table 1.

In the final category, either the red or the yellow cube is initially located on Table 1. The remaining
cubes may be placed separately or stacked on Table 2 or Table 3. They may also be stacked on
top of the cube already positioned on Table 1. These configurations require the robot to reorganise
cubes that have already been placed on the target table before constructing the correct final
arrangement.

The demonstrations were performed through teleoperation. A PS4 controller was used to control the
holonomic mobile base, while a virtual-reality (VR) system was used to control the six degrees of
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Type 2: Table 1 unoccupied Type 3: Cube red or yellow on Table 1

Figure 5.3: Examples of initial demonstration configurations for the three dataset categories.

freedom of the robot arm, as further explained in Section 5.2.1

Each demonstration consists of a sequence of manually selected and recorded waypoints. At every
waypoint, the following information was stored:

* Robot base pose. The position of the mobile base along the x- and y-axes and its orientation 6
around the vertical axis, expressed with respect to the center of the experimental environment.

* Robot arm joint angles. The angular position of each of the six joints of the robot arm.

» Gripper state. A binary value indicating whether the gripper is closed or open. A value of 1
represents a closed gripper, while a value of 0 represents an open gripper.

» Cube poses. The three-dimensional position and orientation of each cube.

» Table positions and dimensions. The position and dimensions of each table. Although the
tables remain fixed throughout the demonstrations, this information is included because, unlike
the cubes, they have different sizes.

Although the robot arm joint angles are recorded, they are not provided directly to the final model.
Instead, forward kinematics is used to calculate the position and orientation of the end-effector with
respect to the Motion Capture System coordinate system. The resulting end-effector pose is used as
the representation of the robot arm in place of the individual joint angles.

The continuous trajectory contains only the variables describing the robot state, as these are the values
that the model must predict. These variables comprise the robot base pose, the end-effector pose,
and the gripper state. By contrast, the observation also describes the surrounding environment and
therefore includes the robot state, the poses of the three cubes in 3D, and the positions and dimensions
of the tables.

Each demonstration is associated with two additional forms of discrete information: a task sequence
and a set of suffix annotations. The task sequence specifies the ordered actions that the robot must
execute to solve the task from the corresponding initial configuration. It is constructed using a vocab-
ulary comprising four categories of tokens together with EOS: action tokens, such as Move_to, Pick,
and Place; cube identifiers, where R, Y, and G represent the red, yellow, and green cubes, respec-
tively; table identifiers T1, T2, and T3; and approach-region identifiers ranging from RG7to RG10. The
locations of these approach regions are shown in Figure 5.2.

For example, a task sequence for picking the green cube from Table 3 and placing it on Table 1 could
be represented as
[Move_to, RG6, Pick, G, Move_to, RG1, Place, G, T1] (5.1)
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) ,,Jﬂ“; fft f—basepath
? - end-effector path
P> start pose 4 6 10 12 14 16 18

camera ® cube at start plan length (actions)
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Figure 5.4: The 109 (+12 validation) demonstrations. Left: top view with the tables T1-T3 and the approach regions
RG1-RG10: base paths (grey), end-effector paths (violet), start poses (arrows), and initial cube positions (dots). Right: one
demonstration represented by observations o1, .. ., 0og at the action boundaries, together with the corresponding actions,
wrist-camera views, and the distribution of plan lengths at the bottom right [28].

This sequence instructs the robot to move to approach region RG6 (Table 3), pick up the green cube,
move to approach region RG1 (Table 1), and place the cube on Table 1.

The suffix annotations assign an action index to every continuous waypoint, thereby identifying the
trajectory segment associated with each high-level action. A high-level action may be represented by
multiple tokens in the discrete sequence, such as Move_to followed by an approach-region identifier.
The suffix annotations are used during preprocessing to align the continuous trajectory with the discrete
task sequence and to generate the subtrajectories described in Section 4.6 in order to increase the
number of available training samples.

5.2.1. Arm Joint-State Collection

A baseline VR teleoperation implementation [27] was used and adapted to obtain the pose of the right
Meta Quest 3 controller and map it to the desired 3D pose of the robot end-effector. The controller
motion is interpreted incrementally with respect to the current end-effector pose. When the gripper
button on the right controller (button 4 in Figure 5.5) is pressed, the current controller pose is taken
as the reference, allowing subsequent controller motion to define relative changes in the desired end-
effector pose.

Unity Hub was used to adapt the controller measurements to the coordinate system of the MuJoCo
simulation environment. The resulting end-effector pose was then used to solve the inverse kinematics
of the robot and determine the corresponding arm joint angles that move the real system. The joint
angles are then collected from the robot's ROS topics and included as part of the observation and
continuous movement of the robot in the dataset. To ensure consistency between the real and simulated
systems, the initial end-effector pose was set to correspond to the robot arm’s home configuration in
both the MuJoCo environment and the Unity Hub implementation.

Two additional functionalities were implemented using the trigger buttons of the Meta Quest 3 con-
trollers:

+ Right-controller trigger (button 1 in Figure 5.5): Sends a command to the robot gripper to toggle
its state, enabling convenient opening and closing directly from the VR controller.

« Left-controller trigger (button 1 in Figure 5.5): Resets the robot arm to its predefined home con-
figuration. This functionality facilitates the continuous collection of multiple demonstrations by
allowing the arm to be quickly returned to a consistent initial configuration between trials.
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Figure 5.5: Meta Quest 3 controllers schematic. Available: https://developers.meta.com/horizon/design/controllers/

Although the joint angles are obtained during teleoperation through inverse kinematics, the model ul-
timately operates on an end-effector representation rather than directly on the arm joint configuration,
as discussed previously. A joint-space representation was initially considered, as it would simplify tra-
jectory execution in both simulation and on the real robot by avoiding the repeated conversion between
Cartesian poses and joint configurations through inverse and forward kinematics.

However, the end-effector representation was selected because it provides a more direct description of
the spatial relationship between the robot and the manipulated objects. In particular, representing the
arm through the end-effector pose makes it easier for the model to capture when the robot is sufficiently
close to a cube to perform a Pick action or to the desired placement location to perform a Place action.
This representation was therefore considered more informative for learning the relationship between
the continuous robot trajectory and the corresponding symbolic actions, despite requiring additional
kinematic transformations for execution and visualisation.

Finally, an example of the demonstration-collection process is available at https://youtu.be/JDVGCyttcfI.
The video shows a top-down view of the recording of a complete demonstration and is played at four
times the original speed. In practice, collecting a single demonstration required approximately 15-20
minutes, depending on the complexity of the initial configuration.

5.3. Comparisons

Training and inference The transformer has four layers of width 256 with eight heads, 7.5 million
parameters. It is trained for 20 000 steps with batches of 45 samples, with the weights averaged over
training and using the valid mask for the loss calculation, in about 20 minutes on one NVIDIA RTX 3090.
Inference uses K = 100 steps. Every configuration is trained with three seeds; we report the mean
and the standard deviation over them.

Metrics A sampled plan is valid under the symbolic model of Section 3, evaluated from the scene
at the start of the task. Execution is evaluated in a kinematic simulation of the scene: the sampled
waypoints move the robot, a cube within 9 cm of the end-effector attaches when the gripper closes,
and a released cube settles on the support beneath it. Tolerances are set to the 99th percentile of
the demonstrations. The task completion rate is the fraction of samples after which the goal tower
stands, whatever plan was executed. In the open-loop, the whole sampled trajectory is executed; in
closed-loop, only the first action segment is executed before replanning. Results are reported overall
and by the number of actions remaining to the goal, d. Finally, the end-effector root mean square error
with respect to the demonstrated trajectory in meters, is also included to study how much the robot end
point deviates from the original plan.
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Policies Hybrid FM is the hybrid flow matching planner of Section 4, trained on the suffix samples with
the full training and generation scheme. Motion-only FM (flow matching) is a continuous flow matching
on the waypoints alone, the same network without the plan tokens, with a training sample starting at
every waypoint of the demonstrations, not at the action boundaries; Hybrid diffusion is the formulation
of Hgeg et al. [18] on our network and data (diffusion on the waypoints, masked diffusion on the tokens,
their loss weight, sampler, and optimiser), trained as published on whole demonstrations or on our
suffix samples.

5.3.1. Discrete loss weight ablation

Following Haeg et al. [18], the proposed Hybrid FM model uses a weighting parameter, )\, to balance
the contribution of the discrete loss relative to the continuous loss in the combined training objective.
Such weighting is necessary because the two objectives correspond to different prediction problems
and operate on different numerical scales.

To study the influence of this parameter, several values of \; were evaluated and compared in terms
of symbolic-plan validity and task-completion performance. The results are reported in Table 5.1.

Increasing \; generally improves the validity of the symbolic plan, particularly when comparing the
smallest values. Increasing the weight from 0.01 to 0.05 raises the overall symbolic-plan validity from
44 .4% to 55.1%, while the long-horizon validity for d > 13 increases from approximately 0.1% to 4.7%.
A further increase to A; = 0.1 results in an overall validity of 57.2% and a substantially higher long-
horizon validity of approximately 17.4%.

The long-horizon metric, however, is not monotonic with respect to A\;. For example, it decreases to
approximately 6.7% for Ay = 0.3, increases again for \; = 1.0, and reaches approximately 17.6%
for Ay = 3.0. These fluctuations suggest that long-horizon symbolic performance is more sensitive
to training variability, particularly given the relatively small number of distinct validation configurations
available at larger planning distances.

A clearer trend can be observed in task-completion performance. Low values of \; preserve stronger
motion-execution performance, while placing greater emphasis on the discrete objective generally re-
duces both open-loop and closed-loop task completion. For instance, increasing A\; from 0.05 to 0.3
reduces open-loop success from 30.4% to 27.4% and closed-loop success from 40.9% to 37.0%. Al-
though \; = 1.0 produces a small recovery in open-loop performance, a larger value of \; = 3.0 causes
a substantial decline, reaching only 21.3% in open-loop and 23.2% in closed-loop.

Overall, the ablation reveals a trade-off between symbolic-plan quality and continuous execution per-
formance. Increasing the influence of the discrete objective generally benefits symbolic prediction, but
excessive weighting can negatively affect the continuous component of the model and, consequently,
task completion. Since accurate motion generation is particularly important for successful manipulation,
the selected value should improve symbolic planning without substantially degrading the continuous
trajectory predictions.

Based on this trade-off, \; = 0.05 was selected for the final model. This value achieves an overall
symbolic-plan validity of 55.1% and a long-horizon validity of approximately 4.7%, while maintaining
task-completion rates of 30.4% in open-loop and 40.9% in closed-loop. Compared with A\; = 0.01,
it provides a substantial improvement in symbolic-plan validity while preserving almost identical task-
completion performance.

Hoeg et al. [18] use a discrete-loss weight of \; = %. In our setting, a slightly larger value was
selected to provide greater influence to the symbolic objective while preserving the performance of the

continuous motion component.

5.3.2. Model Architecture Ablations

Model architecture ablations The lower part of Table 5.2 evaluates the cumulative effect of the main
implementation changes introduced during development. The initial configuration uses a joint-space
representation without plan-suffix augmentation and without remasking. This setup achieves an overall
symbolic-plan validity of only 5%, which decreases to approximately 1% for long-horizon plans with
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Table 5.1: Performance in percent for different discrete loss weights \;, averaged over 3 training seeds. Values show mean =+
standard deviation across seeds.

Symbolic plan valid (%) Task completed (%)
Ad alld d>13* open-loop closed-loop
0.01 44.4+£1.0 ~ 0.1 30.6 1.6 41.1+24
0.05 = Hybrid FM 55.1+0.6 ~ 4.7 304+1.6 409 £ 3.7
0.1 572+ 1.6 ~ 174 285 +2.5 38.9+£29
0.3 57.0+1.2 ~ 6.7 274+ 1.2 37.0+£1.7
1.0 62.2 + 0.7 ~ 10.7 2094+1.1 37.6 £2.0
3.0 60.3 + 3.7 ~ 17.6 21.3+£28 23.2+3.3
*Equal-weight average over distances d = 13, ..., 18, computed from rounded per-distance results; not weighted by the number of evaluation

samples.

d > 13. Task completion is below 1%, while the median end-effector RMSE reaches 0.866m, indicating
poor motion prediction accuracy.

Replacing the joint-space representation with an end-effector representation provides an initial improve-
ment in the continuous predictions. The median end-effector RMSE decreases from 0.866m to 0.701m,
while the overall symbolic-plan validity increases slightly from 5% to 6%. However, this improvement
is not yet sufficient to produce successful task executions, with both open-loop and closed-loop task-
completion rates remaining below 1%. This suggests that changing the motion representation alone
improves trajectory accuracy but does not address the limited coverage of the training data.

A substantially larger improvement is obtained after introducing plan-suffix augmentation. By generat-
ing training samples from intermediate stages of each demonstration, the effective number and diversity
of training examples are increased. With this modification, overall symbolic-plan validity rises from 6%
to 55%, while long-horizon validity reaches approximately 4%. The improvement is also reflected in
motion execution: open-loop task completion increases to 30%, closed-loop completion reaches 41%,
and the median end-effector RMSE decreases substantially to 0.255m. These results indicate that plan-
suffix augmentation is the implementation change with the largest impact on both symbolic planning
and continuous trajectory prediction.

Finally, remasking is introduced during discrete inference to allow low-confidence token predictions
to be reconsidered over successive inference iterations. lIts effect on the aggregate metrics is com-
paratively small: overall symbolic validity remains at 55%, while long-horizon validity increases from
approximately 4% to 5%. No measurable change is observed in task-completion rate or end-effector
RMSE. Nevertheless, the improvement at larger planning horizons suggests that remasking can pro-
vide a modest benefit for more difficult symbolic predictions by allowing early uncertain decisions to be
revised.

Methods comparison The final Hybrid Flow Matching (Hybrid FM) model generates a valid symbolic
plan in 55% of the evaluated samples. As shown in Figure 5.6, performance is substantially higher for
shorter planning horizons, reaching approximately 80% or more for sequences with five actions or
fewer. This behaviour suggests that the model performs best on configurations that are more strongly
represented in the training data. In contrast, without plan-suffix augmentation, symbolic-plan validity
remains below 10%, even for comparatively short sequences, highlighting the importance of exposing
the model to intermediate stages of the demonstrations during training.

For the continuous component, Hybrid FM achieves a task-completion rate of 30% in open-loop and
41% in closed-loop, with a median end-effector RMSE of 0.255m. Figure 5.6 shows that open-loop
performance generally improves as the number of actions remaining to the goal decreases. This trend
is consistent with the distribution introduced by plan-suffix augmentation, which provides a larger num-
ber of training samples corresponding to shorter remaining horizons. A similar tendency is observed
under closed-loop execution, although replanning provides a particularly noticeable improvement for
medium- and long-horizon sequences. For some configurations requiring approximately five to eight
remaining actions, closed-loop execution increases the task-completion rate by up to approximately 20
percentage points relative to open-loop execution.
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Figure 5.6: Success rate as a function of the number of actions remaining to the goal, evaluated on the 12 validation
demonstrations (mean and standard deviation over three training seeds, 50 samples per task). Values of d with few
demonstrations are grouped: 13—-18, 11-12, and 9-10 hold 850, 750, and 900 tasks, the other values 550 to 600 each. Left:
the sampled plan is valid. Middle: the tower stands after the whole sampled trajectory is executed. Right: the tower stands
when the policy replans after every action. Hybrid diffusion is the formulation of Hgeg et al. [18], trained on our suffix samples
or on whole demonstrations. Motion-only FM is flow matching on the trajectory alone; it has no plan and no left panel. Hybrid
FM is our Hybrid Flow Matching implementation.

The comparison with Hybrid Diffusion [18] reveals a different balance between symbolic and continu-
ous performance. When Hybrid Diffusion is trained using our suffix-augmented samples, it achieves
an overall symbolic-plan validity of 62%, compared with 55% for Hybrid FM, and approximately 10%
validity for d > 13, compared with 5% for Hybrid FM. However, this stronger symbolic performance
does not translate into equally accurate motion generation. Hybrid Diffusion achieves only 6% task
completion in open-loop and 9% in closed-loop, while its median end-effector RMSE reaches 0.710m.
In comparison, Hybrid FM attains substantially higher task-completion rates and reduces the median
end-effector RMSE to 0.255m. These results indicate that, although Hybrid Diffusion produces more
valid symbolic plans, Hybrid FM provides a better balance between symbolic planning and continuous
trajectory generation for the considered task.

The importance of plan-suffix augmentation is also visible for Hybrid Diffusion itself. When trained only
on whole demonstrations, symbolic-plan validity decreases to 8%, while both open-loop and closed-
loop task completion remain at 0%. As illustrated in Figure 5.6, most of the limited symbolic success of
this configuration is concentrated at very short planning horizons. Introducing suffix samples therefore
improves both methods substantially by exposing the models to intermediate task states and shorter
remaining horizons.

Several factors may contribute to the difference between the results reported here and those obtained
by Hgeg et al. [18]. As described in Section 5.2, our dataset consists of human-generated demon-
strations, which naturally contain greater variability in trajectory shape and execution accuracy than
demonstrations produced by a scripted expert. Moreover, the original method was evaluated using
more than 200 demonstrations per task, whereas our complete dataset contains 121 demonstrations
distributed across a comparatively broad set of task and motion configurations. The system considered
in this work also introduces additional complexity through the combination of a mobile base and a ma-
nipulator, increasing the dimensionality of the continuous motion problem and the number of possible
spatial configurations.

Despite this increased variability, Hybrid FM performs considerably better on configurations that are
sufficiently represented in the training data. In particular, symbolic-plan validity reaches (94%) when
evaluated on training demonstrations. Together with the performance degradation observed on valida-
tion long-horizon configurations, this suggests that the primary limitation is not the capacity of the model
to represent long plans, but rather its ability to generalise to under-represented scene configurations.

Following Hoeg et al. [18], we additionally compare the hybrid architecture with a motion-only Flow
Matching model in order to evaluate the effect of jointly learning symbolic and continuous outputs.
The motion-only model achieves task-completion rates of 39% in open-loop and 52% in closed-loop,
outperforming Hybrid FM by 9 and 11 percentage points, respectively. In contrast, the difference in
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median end-effector RMSE is relatively small: 0.249m for motion-only FM compared with 0.255m for
Hybrid FM, corresponding to approximately 6mm.

Although small in absolute terms, differences in motion accuracy can have a considerable effect on task
completion in manipulation tasks, where a displacement of only a few centimetres can cause a failed
grasp or placement. Moreover, the motion-only model solves a simpler prediction problem, since it does
not need to jointly generate a symbolic action sequence. The hybrid model must instead allocate model
capacity to both task-level planning and continuous motion generation, making the learning problem
more demanding under a limited-data regime.

Overall, the results expose a trade-off between specialisation and joint task-and-motion prediction.
Motion-only FM achieves the highest execution success, while Hybrid Diffusion trained with suffix sam-
ples achieves the highest symbolic-plan validity. Hybrid FM lies between these two extremes: it pro-
duces explicit symbolic plans while maintaining substantially stronger motion-execution performance
than Hybrid Diffusion. Further improvements in data coverage and motion accuracy are therefore likely
necessary for the hybrid architecture to match or exceed the execution performance of the motion-only
model while retaining its task-level planning capability, consistent with the potential of jointly modelling
symbolic planning and continuous motion highlighted by Hgeg et al. [18].

Table 5.2: Performance on the 12 validation demonstrations, averaged over 3 training seeds and 50 samples per task.
Success rates are percentages; EE RMSE is in metres. Values show mean + standard deviation across seeds.

Symbolic plan valid’ (%)  Task completed® (%) EE RMSE

Policy alld d>13* open-loop closed-loop median (m)
Motion-only FM - - 39+2 52+ 3 0.249 + 0.009
Hybrid diffusion [18]:
whole demonstrations 8+1 2 0 0 0.812 £ 0.027
our suffix samples 62 + 1 10 6+0 9+0 0.710 4+ 0.003
Hybrid FM (final) 55 +1 5 30+ 2 41+4 0.255 £ 0.010
Cumulative implementation stages
Joint representation 5+2 1 0 - 0.866 + 0.025
End-effector representation 6+1 0 0 0 0.701 £ 0.008
+ suffix augmentation 55 + 1 4 30+ 2 41+ 4 0.255 £+ 0.010
+ remasking = Hybrid FM (final) 55 + 1 5 30+ 2 41+4 0.255 £ 0.010

TThe sampled plan is valid under the symbolic model. Motion-only FM predicts no symbolic plan.

#The tower stands after execution in the kinematic simulation, of the whole sampled trajectory (open-loop) or with replanning after every action
(closed-loop), or waypoint. Joint representation closed-loop results are not reported.

*Equal-weight average over distances d = 13, . .., 18, computed from rounded per-distance results; not weighted by evaluation sample counts.
EE RMSE reports the mean and standard deviation of the per-seed median end-effector RMSE.

Stages are cumulative: end-effector representation replaces joint coordinates with end-effector poses; suffix augmentation adds suffix augmenta-
tion data to the dataset demonstrations; remasking adds a remasking pipeline during prediction. Motion-only FM also uses suffix augmentation.

5.4. Real-System Deployment

After evaluating the proposed method in simulation, the next step was to deploy it on the real robot. This
required obtaining the relevant environment and robot observations in real time, generating predictions
from the trained model, and converting the predicted trajectories into commands that could be executed
by the robot.

The deployment pipeline followed the steps below:

1. Observation acquisition. The required observations were obtained using the Motion Capture
System and the ROS topics previously used during dataset collection. Once all values were
acquired, they were stored following a predefined ordering so that each element could be consis-
tently associated with its corresponding source and model input.

2. Prediction and trajectory processing. The prediction pipeline was executed in the same man-
ner as for the validation demonstrations during training. Given the current observations, the model
generated both a symbolic action sequence and a continuous motion trajectory. The predicted
outputs were displayed to the user, after which the continuous end-effector waypoints were pro-
cessed through inverse kinematics to obtain the corresponding arm joint configurations. These
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joint values were then concatenated with the predicted mobile-base pose and transmitted through
a ROS topic to the robot execution pipeline.

3. Trajectory execution. On the robot, the execution pipeline received the sequence of predicted
waypoints to be followed from the current state. Each waypoint was decomposed into the values
required by the corresponding low-level interfaces. Motion commands were executed using the
existing low-level controller, while gripper state changes were handled separately through the
predefined gripper ROS service.

4. Replanning. The execution can be stopped and steps 1-3 can be repeated whenever replanning
is required.

The motion action receives the six arm joint angles in radians together with the planar base position in
meters and the base orientation in radians. The resulting input vector is defined as

ac_mov = {Q1a 42,43,44, 45, 46, Tbase) Ybase, obase}- (52)

For each waypoint, the controller attempts to drive the arm joints and mobile base toward their corre-
sponding target values simultaneously. During the initial real-system experiments, both the base and
arm motions exhibited overshooting. Since this behaviour could obscure the quality of the trajectories
generated by the model, several adjustments were introduced to the low-level controller.

» The maximum velocity was reduced to prevent the robot from reaching unnecessarily high speeds
during trajectory execution.

» To obtain more precise motion close to the target pose, the commanded velocity was adapted
according to the distance between the current robot configuration and the desired waypoint. As
the robot approached the target, the commanded velocity was reduced relative to the defined
maximum velocity.

A positional tolerance was introduced to determine when a waypoint could be considered reached.
A threshold of 0.05m was selected empirically, corresponding to a maximum translational error
of approximately 5cm. This tolerance provided a compromise between accurately reaching the
predicted waypoint and avoiding execution failures caused by requiring a level of precision that
the low-level controllers could not reliably achieve.

This last point’s limitation is particularly relevant when interpreting the real-system results. The low-
level controller introduces an execution bottleneck that lies outside the main scope of this work. Even
an error of 1-2 cm can be sufficient for the end-effector to miss a cube during a Pick action or to place an
object inaccurately during a Place action. Therefore, failures observed on the real robot cannot always
be attributed exclusively to the high-level planner, since part of the execution error may originate from
the underlying controller.

On the other hand, gripper commands were executed separately from the arm and base motion. When-
ever the predicted gripper state differed from that of the previous waypoint, the corresponding open or
close command was issued after the robot had reached the corresponding pose. This ensured that
grasping and releasing actions were performed only after the required arm and base configuration had
been reached.

5.5. Real-System Evaluation

The real-system experiments were conducted using the robot’s existing low-level controller. Most of
the computation, including model inference and trajectory processing, was performed on a local laptop
rather than on the robot’s onboard computer to take advantage of its greater computational capacity.
An SSH connection was used to remotely access the robot and execute the required components.

As described in Section 5.4, the low-level controller was adjusted prior to evaluation to reduce overshoot
during both base and arm motion.

Following these adjustments, the proposed method was evaluated on the real robotic system. The
accompanying videos (https://youtu.be/L-0dmQKRelc, https://youtu.be/Z0Mh8ZYy2-w) and Fig-
ure 5.7 show successful task execution from several initial configurations, with behaviour broadly con-
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Goal: on Yellow on on Table 1

Move to RG6 Pick Cube R Move to RG1 Place Ron Goal State

Figure 5.7: Successful execution of a stacking task on the real robot with green cube on Table 1, yellow cube on Table 2 and
red cube on Table 3 in the initial state.

sistent with that observed in simulation. These experiments provide preliminary evidence that the
kinematic transformations derived from the simulation model are sufficiently accurate for execution in
the demonstrated configurations. More importantly, they show that the proposed model can generate
both a valid symbolic task plan and a corresponding continuous motion trajectory that can be executed
successfully on the real robot.

In these trials, the green cube was initially located on the goal table, Table 1, while the robot manip-
ulated the remaining two cubes to construct the target stack. The task was completed from different
initial arrangements of the red and yellow cubes, showing that the method can handle multiple scene
configurations rather than reproducing a single fixed sequence.

Goal: on Yellow on on Table 1

Pick Cube R Move to RG1 Place R on Goal State

Figure 5.8: Closed-loop behaviour on the real robot. Successful stacking with the green cube initially on Table 1, the yellow
cube on Table 3, and the red cube on Table 2, following a failed attempt to pick the red cube.
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Nevertheless, the real-system experiments also revealed several limitations. During some Pick and
Place actions, the end-effector deviated from the desired position by approximately 1-2 cm, which could
be sufficient to miss a cube or produce an inaccurate placement (https://youtu.be/c4HTyrUBSsg).
More challenging initial configurations also resulted in unsuccessful executions. In particular, scenarios
requiring the complete three-cube stack to be constructed when none of the cubes was initially located
on Table 1 required longer manipulation sequences and proved more difficult for the system. These
results are consistent with the degradation observed for longer planning horizons in simulation, as
commented in Section 5.3. Limited coverage of similar configurations in the training demonstrations
may contribute to these failures, while inaccuracies introduced by the low-level controller can further
affect execution. Consequently, the observed failures cannot be attributed exclusively to either the
high-level planner or the controller without additional evaluation.

The method additionally supports closed-loop replanning during real-system execution. If a Pick action
fails, or if a cube is subsequently relocated to one of the other tables, the planner can be queried again
using the updated scene configuration. The robot can then generate a new symbolic plan and motion
trajectory, re-approach the displaced cube, and continue the task (https://youtu.be/M47dCfo0z1s,
Figure 5.8). This behaviour demonstrates that the system is not restricted to executing the initially
generated trajectory open-loop. Instead, replanning at symbolic action boundaries allows it to react to
execution failures or changes in the environment and continue progressing toward the task goal.


https://youtu.be/c4HTyrUBSsg
https://youtu.be/M47dCfoOzls

Conclusions

6.1. Conclusion

We presented a Hybrid Flow Matching planner for coupled task and motion planning, trained on 109
human-generated demonstrations and evaluated on 12 validation demonstrations. The dataset con-
tains three categories of initial configurations designed to provide variability in the symbolic task se-
quences. The experimental environment consists of three tables, three cubes, and a mobile manipula-
tor combining a holonomic base and a robotic arm. To isolate the planning problem while maintaining
diversity in the required action sequences and motions, a single task goal was considered: constructing
a tower on Table 1 with the red cube on the yellow cube and the yellow cube on the green cube.

The proposed method builds on the Hybrid Diffusion Planner (HDP) of Haeg et al. [18], which jointly
generates discrete symbolic plans and continuous trajectories using a hybrid diffusion model. In this
work, the diffusion process is replaced by flow matching and the hybrid formulation is applied to coupled
mobile manipulation using a dataset collected through human teleoperation. Three main additions are
also introduced: modality embeddings to explicitly distinguish the different input modalities within the
architecture, suffix data augmentation to increase the effective number of training samples and improve
generalisation to intermediate task states, and remasking during discrete inference, which allows low-
confidence token predictions to be reconsidered as additional context becomes available throughout
the inference process.

On the validation demonstrations, Hybrid Flow Matching achieves task-completion rates of 30% in
open-loop execution and 41% in closed-loop execution. In comparison, Hybrid Diffusion trained with the
same suffix-augmented data reaches 6% and 9%, respectively. Hybrid Diffusion nevertheless achieves
higher symbolic-plan validity, reaching 62% compared with 55% for Hybrid Flow Matching. These
results show that, for the considered task and dataset, Hybrid Flow Matching provides substantially
stronger continuous-motion generation while retaining the ability to explicitly generate a symbolic task
plan.

The motion-only Flow Matching baseline achieves the highest execution performance, with task-completion
rates of 39% in open-loop and 52% in closed-loop execution. It also obtains a slightly lower median
end-effector RMSE of 0.249 m, compared with 0.255m for Hybrid Flow Matching. This indicates that
jointly predicting symbolic and continuous outputs introduces an additional learning challenge under the
limited-data setting considered in this work. The motion-only model solves a simpler prediction prob-
lem, whereas the hybrid model must simultaneously represent two modalities and their interactions
throughout the generative process.

Despite this additional complexity, explicitly generating the symbolic sequence provides advantages
beyond trajectory prediction alone. In particular, the symbolic plan defines action boundaries at which
the system can obtain an updated observation and replan. This enables closed-loop execution without
requiring replanning after every continuous waypoint. The generated symbolic sequence also provides
an interpretable representation of the robot’s intended behaviour, allowing a human observer to under-
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stand the sequence of actions being executed.

The proposed method was additionally deployed on the real robotic system. Successful executions
were obtained for multiple initial cube configurations, providing evidence that the jointly generated
symbolic plans and continuous trajectories can be transferred to the real mobile manipulator. The
real-system experiments also exposed limitations in both motion accuracy and long-horizon generali-
sation, with small end-effector execution errors and configurations requiring longer action sequences
remaining particularly challenging.

Overall, the results support the potential of jointly modelling symbolic and continuous planning high-
lighted by Heeg et al. [18], while also showing the challenges introduced by joint prediction in a limited-
data mobile-manipulation setting where limited generalisation appears to be the main bottleneck. Fur-
ther improvements may help close the remaining performance gap with motion-only Flow Matching
while retaining the explicit task-level planning and replanning capabilities of the Hybrid Flow Matching
formulation.

6.2. Future work

* Incorporation of visual observations: During dataset collection, images were recorded from
both a wrist-mounted camera and an external camera observing the scene. These images were
initially intended to form part of the model observations, providing richer information about the
state of the environment. A possible extension would therefore be to incorporate visual obser-
vations into the model by encoding them with the patchifier used for the continuous data and
combining these features with the remaining state observations.

Including visual information could be particularly beneficial during closed-loop execution, where
updated images would provide additional information about intermediate scene configurations af-
ter each executed action. This could improve the model’s ability to react to deviations from the
predicted trajectory or changes in object positions. However, the increased dimensionality and
complexity of the observation space may also require a larger and more diverse set of demon-
strations.

Including a perception pipeline: A further extension would be to reduce the reliance on explic-
itly provided object poses with the Motion Capture System. Instead of supplying the model with
ground-truth object positions, visual representations extracted directly from the camera observa-
tions could be used. Pre-trained visual encoders, such as DINOv2, could provide informative
image features that are subsequently used by the policy, while dedicated object detection or
pose-estimation methods could be used to estimate the required scene state directly from visual
observations. This would move the system toward a more self-contained perception-to-action
pipeline and reduce its dependence on external tracking infrastructure [28].

+ Additional data augmentation strategies: As discussed in Section 2, further strategies could
be investigated to improve data efficiency beyond the plan-suffix augmentation used in the final
method. Geometric transformations of the scene, such as rotations for configurations in which the
task remains invariant, could provide additional training examples without requiring new demon-
strations. Object permutations could also be considered by exchanging the roles of the different
cubes. In this case, however, the desired final stacking order would need to be explicitly provided
to the model as part of the goal specification. Such augmentation strategies could increase the di-
versity of the training distribution and potentially improve generalisation to unseen configurations
[28].

» Adaptive balancing of discrete and continuous losses: The current implementation follows
the combined-loss formulation used in [18], where a fixed weighting factor determines the contri-
bution of the discrete loss to the final loss. Although this formulation already provides satisfactory
results, a fixed weighting may not remain optimal throughout the entire training process. An adap-
tive loss-balancing strategy could instead dynamically adjust the relative contribution of the two
objectives, which could help prevent one component from dominating the optimisation while the
other remains under-trained, and may lead to a better balance between symbolic-plan prediction
and continuous-trajectory generation [28].
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+ Grammar-constrained discrete generation: A further improvement to the current implemen-
tation could be to constrain the discrete predictions according to the structure of the symbolic
action representation. Currently, each revealed token is selected from the complete discrete vo-
cabulary, without explicitly enforcing constraints on which token types may follow one another.
Incorporating such constraints could reduce the generation of structurally invalid symbolic plans
and potentially improve discrete-plan validity.

For example, if a Move_to token is generated, the following token could be restricted to an
approach-region identifier, such as RG1, RG2, ..., RG10. Similar constraints could be defined for
the remaining actions according to their token structure, as described in Section 5.2. Likewise, the
EOS token could be restricted to positions following the completion of a valid action, preventing
the sequence from terminating in the middle of an action definition. Such grammar-constrained
decoding would incorporate prior knowledge about the symbolic representation directly into the
generation process [28].

Improved demonstration coverage: As described in Section 5.2, the collected dataset covers a
large number of task-level configurations involving the three tables and three cubes. Atthe motion
level, however, the number of possible trajectories and object arrangements is considerably larger,
while the final dataset contains only 121 demonstrations. This variability is further increased by
the use of human-generated demonstrations, which naturally introduce differences in trajectory
shape, execution speed, and precision compared with the more consistent behaviour produced by
a scripted expert, as used in [18]. The distribution of these demonstrations is shown in Figure 5.4.
Future work could therefore reconsider how the available demonstrations are distributed across
the task space. Reducing the number of distinct task-level configurations while collecting more
motion-level variation for each configuration could provide denser coverage of the corresponding
state and trajectory distributions, which would likely improve generalisation, particularly for long-
horizon configurations that are currently under-represented in the dataset .
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Training and Inference Pseudocode

Algorithm 1 Hybrid continuous—discrete training step

Require: Training dataset D, model fy, optimizer, discrete-loss scale )\,
Ensure: Updated model parameters 6

1: Sample a batch {z, z{, 040, m§, m¢}2 | from D

2. forb=1,...,Bdo

3 Sample ¢, ~U(0,1 — ¢) independently

4: if 7, ~ Bernoulli(0.25) = 1 then
5: Sample %, ~ U(0,0.2) and set t{, td + 1,
6: end if
7. Sample x§, ~ N(0,T)
8 x; < (L —t5)xg, + t5zg

9: uy — 7 — xg)b
10 Xi,b — 1z
1: fori=1,..., Ny.x do
12: if ml; = 1 then
13: 7, ~ Bernoulli(t{)
14: if r,;, = 0 then
15: mgb,i <— Tmask
16: end if
17: else
18: xfd’b_’i < Tmask
19: Tp,i < 1
20: end if
21: end for
220 (Vo, ) < fo(X{ 4, X[ o t5, 17, 0b,0)

23: Compute £¢ using Eq. (4.23)

24:  Compute £¢ using Eq. (4.21)

25: end for

260 L0 5 Ly, LY 530 L
27: L L+ M\gLY

28: Reset gradients and backpropagate £
29: Update 0 using the optimizer

30: return 6
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Algorithm 2 Hybrid continuous—discrete prediction step

Require: Initial-state observation o, trained model fy, number of inference steps K, discrete horizon
Ny, remasking iterations R
Ensure: Continuous trajectory x$, and discrete plan x|
1: Sample x§ ~ N(0,1)
2: Initialize xg,j — Tmask, = 1,..., Ny
3: Define time schedules {t{}X and {t{} K
4: fork=0,..., K —1do
5: Store the previously revealed positions:

Z/[k — {.7 | xz,j 7& xmask}

6: (Gk,ek) (—f@(XE,X%,ti,tﬁ,Oo)
7 At =
8: Xj & X5+ AtEVy
9 Dr < softmax(€y)
10: Determine the unmasking probability g
1: Select a subset Sy, from the positions that remain masked according to ¢
12: xﬁ_H — xg
13: for each j € S do
14; xzﬂ’j < arg max. p,;(c)
15: end for
16: if k € R and U, # 0 then
17: for each j € U, do
18: Ck,j < ﬁl@j (l‘g’j)
19: end for
20: Nremask < max (1, [0.11Ux|])
21: Qi + positions of the n,emask lowest values of ¢, ;
22: for each j € O do
23: ngrl,j $— Tmask
24: end for
25: Adapt the discrete generative time t;ﬁH according to the remasking procedure.
26: end if
27: end for

28: Let jrog denote the position of the first EOS token in x;l{
29: if an EOS token is present then
) d d
30: Xfinal < XK, 1:j50s
31: else
) d d
32: xﬁnal — X
33: end if
34: return x5.,xg
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