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Abstract

As autonomous mobile robots are increasingly deployed in complex, real-world environ-
ments, traditional approaches that rely solely on collision-free navigation often fall short.
In many practical scenarios, physical interactions with the environment, such as pushing
objects or manipulating articulated structures, are not only unavoidable but also crucial
for completing tasks. This thesis studies non-prehensile interactive navigation (NPIN),
where robots interact with their surroundings using non-grasping, contact-based actions.
These interactions present significant challenges, including complex interaction dynamics,
long-horizon planning under uncertainty, and the lack of standardized tools for evaluation.

This thesis addresses these challenges through three core contributions. First, we
present a novel learning-based predictive planning algorithm for autonomous surface ve-
hicle (ASV) navigation in ice-covered waters, a real-world instantiation of NPIN. In this
scenario, the ASV must interact with dynamic ice floes to reach its goal. We propose a
hybrid planning framework that integrates deep learning-based occupancy prediction of
obstacle motion with a graph search-based planner. The resulting system is capable of
computing safe and efficient trajectories that account for future ice movements, both in
simulation and in a physical testbed.

Second, we broaden the scope and introduce Bench-NPIN, the first standardized bench-
marking suite for NPIN. Bench-NPIN includes a diverse set of environments and tasks, such
as maze navigation, box delivery, and area clearing, which span both navigation-centric
and manipulation-centric categories. It also provides unified evaluation metrics and ref-
erence baseline algorithms to facilitate fair and reproducible comparisons across different
approaches.

Third, we present a forward-looking study into long-horizon planning through gen-
erative skill chaining using diffusion models. We investigate how sequences of low-level
interaction skills can be generated in one shot using a learned generative model. Fur-
thermore, we introduce an out-of-distribution (OOD) detection mechanism to evaluate the
feasibility of these skill sequences. This allows the planner to anticipate failure, reject
infeasible plans, and potentially replan in a timely manner.

Together, these studies provide a comprehensive investigation into the foundations,
applications, and emerging approaches for NPIN in cluttered and uncertain environments.
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Chapter 1

Introduction

In recent years, the field of robotics has seen remarkable growth, driven by advances in
artificial intelligence, perception, and control. As a result, autonomous mobile robots are
increasingly being deployed in a wide range of settings, from everyday household envi-
ronments to high-stakes scenarios such as hospitals, disaster zones, and remote natural
environments like polar regions. These robots offer potentials to improve efficiency, safety,
and accessibility, assisting humans in both routine and extreme conditions.

However, as deployment expands, so too do the challenges: robots must now au-
tonomously navigate and act in increasingly complex and unstructured real-world settings.
A key bottleneck in this expanded deployment is the difficulty of navigating cluttered
environments with movable and interactable objects.

Traditionally, robot navigation has focused on avoiding contact with the environment.
Algorithms are designed to plan paths that steer clear of obstacles, relying on accurate
mapping and sensing. While effective in structured environments, these approaches break
down in more complex settings. In many real-world scenarios, interaction with the envi-
ronment is not a failure, but rather a necessity. For example, a household robot might
need to nudge a backpack out of the way to vacuum a floor; a search-and-rescue robot may
need to push debris aside to reach a trapped victim; an autonomous ship navigating polar
waters may need to traverse through broken ice fields and interact with floating ice.

This class of problems, where robots must physically interact with their surroundings
during navigation, falls under the umbrella of Interactive Navigation. Unlike classical
navigation, where obstacle avoidance is paramount, interactive navigation recognizes that
contact with the environment can be deliberate, purposeful, and even essential.
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A common approach to interactive navigation involves mobile manipulators — robots
equipped with arms that can grasp and move objects. While effective in principle, these
systems come with limitations. Robotic arms can be expensive, heavy, or unsuitable for
small mobile platforms. Moreover, reliably grasping and manipulating irregular or dynamic
objects remains an open problem in its own right. To overcome these limitations, this thesis
explores a different approach: non-prehensile interactive navigation (NPIN), where robots
interact with the environment through pushing, nudging, or otherwise making purposeful
contact without grasping.

1.1 Motivation and Contribution

Non-prehensile interactive navigation is an emerging research area with great potential.
However, it brings with it a unique set of challenges:

1. Modeling Complex Interactions

Robots operating in cluttered environments must often deal with objects of diverse
shapes, sizes, and dynamic properties. Predicting the outcomes of robot-object inter-
actions is challenging, especially when contact propagates through multiple objects
(e.g., pushing one box that pushes another). This complexity undermines classical
numerical methods that depend on accurate dynamics models. Recent advances in
deep learning provide a promising alternative: data-driven models that can learn to
approximate interaction dynamics. To this end, this thesis focuses on applying ma-
chine learning algorithms in non-prehensile interactive navigation. We explore such
an approach in the context of autonomous ship navigation in ice-covered waters,
where learned models of ship-ice interaction are used to guide planning in complex
ice fields.

2. Lack of a Standardized Benchmark

Although interest in NPIN has grown [24, 83, 12], much of the existing work is
developed in isolated domains with custom environments and evaluation methods,
despite their shared problem structure. This makes it difficult to compare approaches
or build upon each other’s progress. In contrast, fields such as locomotion and vi-
sual control benefit tremendously from established benchmarks (e.g., HalfCheetah,
Ant, RoboSuite) that provide a standardized platform for algorithm comparison and
reproducibility. These benchmarks provide unified, rapid ways to evaluate both ex-
isting and new algorithms. The field of NPIN lacks such a unifying benchmark for
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systematic evaluation and reproducibility. To address this gap, this thesis presents
Bench-NPIN, the first unified benchmarking suite for non-prehensile interactive nav-
igation.

3. Planning under High Uncertainty and Long Horizons

Lastly, movable and interactable objects in the environments lead to an exponentially
large state space, as different combinations of object interaction may exist. For
instance, navigation among movable obstacles (NAMO), which is a subcategory of
interactive navigation, is considered NP-hard [20] to be optimally solved. Further, in
cluttered environments, a single push may have many downstream consequences, and
the same action may yield different results depending on small variations in state.
This makes long-horizon planning especially difficult, as small errors can compound
and lead to large deviations. Traditional planners that make sequential decisions or
rely on auto-regressive predictions may not cope well with this large search space and
uncertainty. Inspired by recent work in generative modeling [48, 9, 58], this thesis
explores the use of generative skill chaining to model and plan entire trajectories in
one shot. We develop an approach allows the robot to reason more holistically about
the feasibility and variability of its actions.

The contributions of this thesis are summarized as follows:

1. Learning-based Predictive Path Planning for Ship Navigation in Ice-Covered
Waters: We study Autonomous Surface Vehicle (ASV) navigation in ice-covered
waters, a specific application of non-prehensile interactive navigation. We present
a novel framework [95] that combines deep learning and classical planning to plan
obstacle-motion-aware navigation paths for the ASV.

2. Benchmarking Framework: We present the first benchmark for non-prehensile
interactive navigation (Bench-NPIN) [94]. This benchmark provides a suite of en-
vironments in both 2D and 3D and includes new metrics tailored to the interactive
nature of the tasks.

3. Generative Skill Planning with Infeasibility Predictions: We study generative
skill learning and long-horizon skill composition for interactive tasks, focusing on
infeasibility and uncertainty handling in clattered environments. In particular, we
proposed a new technique for predicting and quantifying infeasibility of a planned
sequence of executions, potentially enabling failure anticipations and timely replan.
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1.2 Thesis Outline

The rest of the thesis is structured as follows.

We first introduce some literature related to this thesis in Chapter 2. It surveys clas-
sical path-planning, recent advances in interactive navigation, benchmarking initiatives in
robotics, and modern generative models. Chapter 2 provides a high-level overview of the
key ideas, while each subsequent chapter revisits the literature most relevant to its own
contributions and examines it in greater depth.

Chapter 3 then begin our NPIN discussion in practice on autonomous-surface-vehicle
(ASV) navigation in ice-covered waters. Here, NPIN is not an abstract notion: the ship
must physically interact with drifting ice floes to reach its destination. We introduce a
learning-augmented planning framework that predicts ice motion and incorporates it into
a lattice-based search, demonstrating the benefits of interaction-aware planning.

Building on insights from the ASV study, Chapter 4 broadens the scope. It presents
Bench-NPIN, the first standardized benchmark for NPIN. A suite of 2-D simulated tasks,
coupled with unified metrics and reference baselines, provides a common platform for
comparing algorithms and accelerating progress across diverse NPIN scenarios.

Finally, Chapter 5 looks beyond current capabilities toward long-horizon decision mak-
ing under uncertainty. We explore generative skill chaining based on diffusion models,
showing how entire sequences of low-level interaction skills can be synthesized in one shot
and vetted for feasibility with an out-of-distribution detector.

Chapter 6 concludes the thesis. It summarizes the main findings, reflects on open
challenges, such as uncertainty quantification and sim-to-real transfer. The chapter also
outlines promising directions for future research in non-prehensile interactive navigation.
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Chapter 2

Literature Review

The work in this thesis is related to a large body of work in interactive navigation, path
planning, benchmarking, and generative models. This chapter positions the thesis within
this wider research landscape. In-depth summaries of the most relevant work are provided
in the pertaining chapters.

2.1 Path Planning

The goal of path planning is to find a feasible to for a robot to traverse from a start
configuration into a goal configuration while satisfying motion constraints. Path planners
are typically graph-based or sampling-based.

Graph-search planners typically discretise the workspace into a weighted graph and
search for the minimum-cost route. Dijkstra’s algorithm [16] guarantees to find the opti-
mal path but could potentially explore all possible routes. A* algorithm [34] accelerates
the search process by adding an admissible heuristic while retaining optimality. The D* al-
gorithm [72] extends A* by enabling real-time replan to deal with new obstacles discovered
online.

Sampling methods avoid explicit grid construction by taking a Monte-Carlo approach,
which could be a good alternative to deal with large planning spaces due to high degree-
of-freedom configuration space. Probabilistic Roadmaps (PRMs) [51] construct a graph
of collision-free configurations by randomly sampling the robot’s configuration space, con-
necting nearby samples that remain collision-free. The roadmap can be quickly queried
to find feasible paths. Rapidly-exploring Random Tree (RRT) [55] incrementally grows a
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tree from the start configuration toward random samples, quickly exploring large spaces to
produce a feasible path. RRT* [49] refines this idea by rewiring the tree during expansion
to minimize path cost, guaranteeing asymptotic optimality while retaining much of RRT’s
exploratory efficiency.

More recent method leverage machine learning and integrate neural network into the
planning frameworks. Value-Iteration Networks [77] learn a differentiable approximation
of classical value iteration and generalize to unseen grid worlds. In [32], an RRT-based
planner with a neural network embeded is proposed. The network is trained to predict
locomotion outcome using partial observation for long-range planning. A hierarchical ap-
proach is proposed in [81], where an A* planner is used as a global guidance, and a local
Reinforcement Learning (RL) based planner outputs robot actions to account for dynamic
obstacles.

These approaches assume collisions must be completely avoided. However, mobile
robots are often tasked with challenges that require deliberate contact. Sec. 2.2 therefore
surveys methods that embrace interaction, setting the stage for Navigation Among Mov-
able Obstacles (NAMO) and the broader Non-Prehensile Interactive Navigation (NPIN)
literature.

2.2 Interactive Navigation

Robotic navigation has evolved from purely collision-free path–finding [54] to settings where
physical interaction is integral rather than accidental. Works in [74, 73, 57] studied Navi-
gation Among Movable Obstacles (NAMO), a sub-branch of Interactive Navigation. These
methods reason from a geometric perspective to compute a sequence pushing and pulling
actions to arrange objects to allow for navigation.

Other methods leverage machine learning to make estimations about obstacle interac-
tions. For instance, [89] trained a Reinforcement Learning policy that learns the robot-
object interaction dynamics. The RL policy is then integrated into a Model Predictive Path
Integral (MPPI) framework to relocate obstacles out of a tracked global path. In [92], an
A* planner first computes a global path, and a neural network model is trained to pre-
dict the estimated time to remove a path-blocking obstacle for deciding whether to take a
detour.

Non-prehensile Interactive Navigation (NPIN) is a branch of Interactive Navigation
where the robot uses non-grasping actions, such as pushing or nudging, to interact with
the environments. For instance, [82] leverages Curriculum Reinforcement Learning to train
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a mobile pushing platform to navigate through diverse and complex indoor environments.
The mobile pusher learned to push open doors and push away obstacles blocking a nav-
igating hallway. More in-depth discussion on works related to non-prehensile interactive
navigation can be found in Chapter 4.2.

2.3 Robotics Benchmarks

Benchmarks have played an significant role in accelerating progress across robotics and
embodied AI. Early efforts targeted locomotion, leveraging the MuJoCo physics engine [79]
to create a suite of under-actuated agents such as Hopper, HalfCheetah, and Ant that
remain de-facto standards for reinforcement-learning (RL) research [23, 7]. The DeepMind
Control Suite extends this idea with a unified API and interpretable reward functions [78],
while RoboSuite introduces high-fidelity robot arms and grippers for manipulation-centric
tasks [96].

As sensing, perception and computation power improved, the community focus shifted
toward navigation in 3-D environments. Gibson Env [87] and Habitat Sim [69] focused on
photorealistic, scan-based indoor worlds and introduced novel evaluation metrics such as
SPL (Success weighted by Path Length). Subsequent work addressed social and dynamic
settings, such as SocialGym [39] for crowd-aware motion and CARLA [17] for autonomous
driving in urban traffic. Benchmarks for long-horizon tasks, such as RLBench [47] and
ManiSkill [59], encourage learning generalizable policies for multi-stage tasks.

Finally, there is a growing movement toward real-robot benchmarks that close the
sim-to-real loop. For instance, the Bridge Dataset [19] and Real Robot Challenge [31] take
the initiatives to evaluate and improve robots performance in open-world environments.

Despite this breadth, most benchmarks implicitly penalize any robot–environment con-
tact. The few that embrace interaction include Interactive Gibson [86] and our proposed
Bench-NPIN [94], which are described in more details in Chapter 4.

2.4 Generative Models

Generative modeling provides a complementary perspective to classical planning and policy
search. Early probabilistic models such as Hidden Markov models (HMMs) and Gaussian
mixture models (GMMs) are examples of traditional generative models. Modern deep
learning approaches fall into three broad families:
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Variational auto-encoders (VAEs) [52] jointly trains an encoder–decoder pair to map
data into a continuous, regularized latent distribution, so that new samples can be gener-
ated by drawing from this learned latent space. VAEs has being used to predict multi-modal
human trajectories [46] for socially-aware navigation. In [8], a sliding-window VAE is used
for industrial robot anomaly detection.

Generative adversarial networks (GANs) [29] employ a generator network against a
discriminator in a minimax game where the generator learns to create realistic synthetic
data that fools the discriminator, which simultaneously learns to distinguish generated
samples from real ones, driving both networks to improve. The methods were original
proposed for sharp image synthesis, but has been used in robotics for various applications.
For instance, GANs have been used to learn inverse dynamics for robotic arms [67] and to
generate robot actions from text [3].

Denoising diffusion probabilistic models (DDPMs) [37] have become state-of-the-art for
high-dimensional generation. The general idea is to train a neural network that guides a
denoising process that transforms samples of pure noise into clean data with desired prop-
erties. Recent works such as Diffusion Policy framework [9] and Diffuser [48] have shown
remarkable performance in generating manipulation trajectories and flexible behaviors.
More details regarding diffusion models can be found in Chapter 5.
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Chapter 3

Autonomous Ship Navigation with
Learned Ship-Ice Interactions

In this chapter, we study applying machine learning in predictive path planning for au-
tonomous ship navigation in ice-covered waters, a non-prehensile interactive navigation in
real-world application context.

3.1 Introduction

In recent years, the polar regions have been attracting international attention. The Arctic
area offers shorter shipping routes and rich natural resources while tourism in Antarctica
is on the rise [40]. However, navigating in ice-covered waters such as the Arctic areas poses
high risks due to significantly higher ice concentrations compared to typical maritime envi-
ronments [28]. Recent advancement of autonomous surface vehicles (ASVs) holds promise
for safer and more efficient navigation in these icy waters. Nevertheless, current approaches
still face substantial challenges. The high concentration of ice often makes a collision-free
path infeasible. Additionally, the dynamic and chaotic nature of ice movements in response
to ship maneuvers adds another layer of complexity to the task [14].

In this work, we address the problem of path planning for an autonomous surface vehicle
in ice-covered waters. We assume the ASV is designed for standard maritime operations
and has limited ship-ice collision protection [14]. Our work aims to compute a reference
path for the ASV such that both ship-ice collisions and traveling distance are minimized.
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Figure 3.1: The left panel shows a planned path from the proposed planner in simulation.
The middle panels compare the predicted occupancy after path traversal with the ground
truth occupancy. The right panel presents an experimental trial from the ship-ice naviga-
tion testbed at the Autonomous Systems Laboratory, University of Waterloo.

Existing works on ASV path planning primarily focused on finding a collision-free
path [5, 10, 53], and are not easily generalizable to environments with high ice concentra-
tions, where collision-free paths are typically non-existent, as illustrated in Fig. 3.1. While
the works in [14] and [27] address this challenge, they do not consider ice motion during
planning. As ice concentration increases, the motion of the ice becomes more complex due
to interactions with the ship and other ice floes, resulting in a more dynamic environment.
Consequently, planners that treat ice floes as static objects become less effective. For ex-
ample, the performance improvement seen with the planner proposed in [14] diminishes
with 50% ice concentration. In contrast, our approach incorporates predicted ice motion
into the path planning process, ensuring robustness in both high and low ice concentration
environments.
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Contributions In this work, we propose a deep learning framework that predicts the
coarse dynamics of the ice motion in response to the ship actions through occupancy esti-
mation. The learning process is guided with a novel physics-derived loss function tailored
to our occupancy formulation. To leverage the prediction results for planning, we present
a simple yet empirically effective cost function based on occupancy maps to penalizes
collisions. Further, we propose a graph search planner that seamlessly incorporates the
learned model by caching the intermediate prediction results. Finally, the proposed plan-
ner is evaluated both in simulation and in a physical testbed, and superior performance is
demonstrated.

3.2 Related Work

While path planning for ASV ice navigation has been extensively studied, much of the
existing literature focuses on computing a path on a global scope [11, 56, 71]. For instance,
the planned paths in [11] and [56] span hundreds of kilometers while the paths considered
in [71] take days to traverse. While these works demonstrated good performance, local
planners are required to achieve full ship autonomy. In ASV local planning, however, most
work aims to compute a collision-free path [5, 10, 53, 41], which does not generalize to
environments where a collision-free path does not exist.

Perhaps the most comparable works to this work are [27] and [14]. In [27], the authors
leverage morphological skeletons to represent the open-water areas given an overhead image
of the ice field. An A* algorithm is then applied to find a path in the resulting graph.
In [14], a lattice-based planner with a kinetic-energy based cost function is proposed to
generate paths with minimal collisions. While [27] and [14] apply to our settings, the
authors treat obstacles as static during planning.

Ice Prediction Models: Ice motion predictions, together with ice-ice and ship-ice in-
teractions, have been primarily studied with numerical methods and empirical formu-
las [44, 76, 36, 43, 42]. While these approaches demonstrate high accuracy, numerical
simulations are computationally intensive, limiting their real-time applicability. On the
other hand, empirical formulas are computationally efficient, but often require environ-
mental data that is not available online from ASV onboard sensors.

More recent works leverage machine learning, but the majority of these approaches have
considered ice motion prediction on a global scale for sea ice forecasting. Using satellite
images, convolutional LSTM neural networks have been used to predict ice motion for
several days in the future [63, 93]. In [38], linear regression and CNN models are used to
perform present-day Arctic sea ice motion prediction.
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Few works address local ice floe motion with learning approaches. In [90], a multi-
step deep-learning based perception pipeline is proposed to track the motion and velocity
of river ice, but no prediction is performed. In [61], a physics-informed neural network
incorporating attention mechanisms is proposed to predict ice floe longitudinal motion in
response to waves. While this work addresses ice motion in the scale of our setting, it is
not applicable to ASV planning as ship maneuvers are not considered. To the best of our
knowledge, our work provides the first ice motion prediction model designed for real-time
ASV local navigation in icy conditions.

3.3 Problem Formulation

In this section we introduce the problem of ship navigation through an ice-covered waters
with minimal collisions.

3.3.1 Environment

We define the water surface in which the ship navigates as a 2D surface W ⊆ R2. We
further restrict our navigation environment as a rectangular channel C ⊂ W where the
length is parallel to the y-axis, as shown in Fig. 3.1 (left). Note that this restriction does
not limit the applicability of planning, as longer and curved channels can be partitioned
into rectangular sections [14]. The objective is to navigate the ship to pass a goal line G ⊂ C
with a constant y-value. We assume all ice pieces can be detected by some perception setup
at any given time and we treat each ice piece as an obstacle. We group the obstacles into
a set Wobs = {p1, . . . , pm} with pi ∈ Wobs denoting an individual obstacle and m the total
number of detected ice pieces.

3.3.2 Ice Motion Prediction

To address the dynamic nature of ice floes in navigation, our objective is to predict ice
field evolution as a result of ship maneuvers. Given the obstacles Wobs, we can compute a
representation, denoted as O, that captures the state of the entire obstacle field. In this
work, we use an occupancy map, but other representations could be used. Let O, S, and A
be the state space of the obstacle field, ship state space, and ship action space, respectively,
the prediction task is formulated as finding a function f : O × S ×A → O. Specifically,
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f(O, s, a) = O′ (3.1)

takes as inputs the current state of the obstacle field O ∈ O, the state of the ship s ∈ S,
and a ship action a ∈ A to predict the resulting state of the obstacle field O′ ∈ O after
the ship action is taken. In Sec. 3.4, we detail the representation used for each of the
arguments.

Note that the input O and the prediction O′ being in the same space O allows making
predictions on a sequence of actions. Specifically, given the current obstacle field state O1

and a paired sequence of n ship actions and ship state transitions {(s1, a1), (s2, a2), . . . , (sn, an)},
the resulting obstacle field state O′

n after taking the n actions can be predicted as

f(. . . f(f(O1, s1, a1), s2, a2) . . . , sn, an) = O′
n. (3.2)

We assume that the primary driving influence on ice motion in static waters is ship
maneuvers. However, we acknowledge that other factors, such as wind and ship waves,
also affect ice motion. The inclusion of these additional factors is left for future work.

3.3.3 Path Planning

Given a reference path Π and let d(Π) be the total path length of Π, we compute a cost
function u that penalizes both path length and collision as

u(Π) = d(Π) + α · C(Π) (3.3)

where C(Π) ≥ 0 is the collision cost function described in Section 3.5.2, and α ≥ 0 is a
tunable scaling parameter. Given a ship start position, a goal line G, and a set of detected
obstacles Wobs, we seek a reference path Π from start to G that minimizes u.

3.4 Ice Floe Motion Prediction

In this section, we present our proposed deep learning pipeline to predict ice motions for
ship planning.
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3.4.1 Space Representations

To account for the complex motions of ice floes, we leverage occupancy as a coarse repre-
sentation of obstacle positions and orientations, shown in Fig. 3.2a. To obtain this repre-
sentation, the channel C is first discretized into a grid map M . Given the set of obstacles
Wobs detected from some perception system, we compute a global occupancy map Oglobal

of the same resolution as M where each occupancy grid Oglobal[x, y] ∈ [0, 1] represents the
ratio between the obstacle-occupied area and the grid area at grid M [x, y]. Note that
our occupancy map differs from the typical form in the autonomous navigation literature,
where occupancy maps are usually encoded as binary maps where each grid is either occu-
pied or empty. By leveraging occupancy ratio, this coarse obstacle representation preserves
the boundary and separation information of the obstacles.

The state of the ship s in Eq. 3.1 is represented as the ship footprint to encode spatial
features such as size and shape, shown in Fig. 3.2c. Given the current pose η of the ship,
we define footprint F(η) to be the set of grid cells occupied by the ship body in map M .

We adopt the control set from [14] as the action set of the ship, which is a set of motion
primitives where each motion primitive is a short feasible path of the ship. In our setup, the
motion primitives’ lengths range from approximately 1 - 6 ship length. Given a control set
P , the ship action a in Eq. 3.1 is effectively a motion primitive π ∈ P , and is represented
as the swath of the motion primitive. Specifically, we define the swath T (π) as the set of
grid cells in M that are swept by the ship footprint after executing the motion primitive
π, as shown in Fig. 3.2d.

Note that the global occupancy map Oglobal, footprint F(η), and swath T (π) are all
computed with the same resolution as the grid map M such that the spatial relations
between the obstacles, ship pose, and motion primitive are preserved in the representations.
Further, given a control set P , a path can be constructed by concatenating a sequence of
motion primitives. The resulting occupancy after the entire path is traversed can then be
predicted in a sequential manner, as outlined in Eq. 3.2. An illustration of such sequential
predictions for a concatenated path is presented in Fig. 3.1 middle panels.

3.4.2 Occupancy Prediction

Observe that (Fig. 3.2d and Fig. 3.3) each motion primitive within the control set is a
short path relatively local to the ship position with respect to the entire ice field. Hence a
motion primitive is likely to only trigger ice motions within a local neighborhood. With this
observation, we perform predictions within a locally cropped region O ⊆ Oglobal with a fixed
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Figure 3.2: Ratio-based occupancy map is computed from the detected obstacles (a). Based
on the ship’s current pose (blue ship icon), a local occupancy observation (b) is cropped.
Ship pose is encoded as footprint (c) and ship action is encoded as swath (d). U-Net
is trained to predict the resulting occupancy. Predicted occupancy is stitched back into
global occupancy.

15



window size H ×W from the global occupancy map based on the current ship position, as
illustrated in Fig. 3.2b. The footprint F(η) and swath T (π) are also spatially aligned with
the cropped occupancy O. After each prediction, we update the global occupancy map
by simply stitching back the locally predicted occupancy. This local prediction approach
allows our model to concentrate inference power to motion-rich areas. Special care is
required to select an appropriate window size H ×W , as a window that is too small might
not capture all ship-ice and ice-ice collisions, resulting in obstacles being pushed out of its
boundary and hence inconsistency in global occupancy map updates.

The neural network model input X ∈ R3×H×W is a 3-channel image where one channel
is a local occupancy map observation O ⊆ Oglobal, one channel is the footprint F(η) and
one channel is the swath T (π). Note that the footprint and swath channels are binary
channels as footprint and swath are encoded as binary images. However, the occupancy
channel is a gray-scale channel as each occupancy grid O[x, y] is a value from [0, 1].

Our model architecture is based on the U-Net [68]. In particular, our model has an
encoder stack consisting of convolutional downsampling layers and a decoder stack with
transposed convolutional upsampling layers and skip connections. Inspired by [2], residual
convolution is used for the bottleneck to reduce model complexity. The model outputs
a single channel of the predicted occupancy map with the same spatial dimension as the
input occupancy map.

3.4.3 Model Training

Training Data

We obtain our training data from the open-sourced ship-ice navigation simulator (https:
//github.com/rdesc/AUTO-IceNav) from [14] in a self-supervised manner. The training set
covers 20%, 30%, 40%, and 50% ice concentration environments and for each concentration,
a total of 2,000,000 entries are collected. Each training entry is a tuple (O,F(η), T (π), O′)
where the initial occupancy observation O, footprint F(η) and swath T (π) are the model
input, and O′ is the ground truth resulting occupancy after the ship executing the motion
primitive π at pose η. In other words, O and O′ are “snapshots” of the occupancy map
at the start and end of executing a motion primitive, respectively. To obtain a diverse set
of ship-ice and ice-ice interaction samples, we deploy a random navigation policy for the
ship during the data collection process. At each step, the ship randomly samples a motion
primitive π ∈ P to execute.
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Loss Functions

We define the occupancy loss as a Huber loss [45] between the predicted occupancy Ô′ and
the ground truth O′ given its robustness to outliers.

To guide the learning process toward more physically-plausible predictions, we present
a novel physics-based loss tailored to our occupancy formulation. The core assumption is
that the total mass of the ice floes is conserved before and after the collisions from the ship
executing a maneuver. Letmp represent the mass of an ice floe p, and letW i

obs = {pi1, . . . pim}
and W f

obs = {p
f
1 , . . . p

f
n} be the sets of obstacle ice floes before and after ship executing a

motion primitive, respectively. By conservation of mass, we have∑
pi∈W i

obs

mpi =
∑

pf∈W f
obs

mpf . (3.4)

Similar to [14], we assume that the ice floes are 3D polygons with uniform density ρ and
thickness d. It follows that the mass of an ice floe is mp = σpρd, where σp denotes the
surface area of an ice floe p. We rewrite Eq. 3.4 as∑

pi∈W i
obs

σpiρd =
∑

pf∈W f
obs

σpfρd

∑
pi∈W i

obs

σpi =
∑

pf∈W f
obs

σpf .
(3.5)

Recall that each grid in our occupancy map is a ratio between the obstacle-occupied area
and the grid area. Let sg denote the grid size of the occupancy map, and let op be the total
occupancy value the ice floe p contributes to the occupancy map, it follows that σp = sgop.
Further, note that the sum of all ice floes’ occupancy op is simply the sum of occupancy
values in the occupancy map, namely

∑
pi∈W i

obs
opi = Sum(O) and

∑
pf∈W f

obs
opf = Sum(O′).

With these observations, Eq. 3.4 can be rewritten as∑
pi∈W i

obs

opisg =
∑

pf∈W f
obs

opf sg

∑
pi∈W i

obs

opi =
∑

pf∈W f
obs

opf =

Sum(O) = Sum(O′).

(3.6)

In other words, the sum of all cell values from the occupancy map before and after executing
a motion primitive is conserved. Hence, given a training set entry (O,F(η), T (π), O′) and
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a prediction Ô′, we define a conservation loss as MSE(Sum(O), Sum(Ô′)). The final loss is
constructed as

L = Huber(O′, Ô′) + λMSE(Sum(O), Sum(Ô′)), (3.7)

which is a linear combination of the occupancy loss and conservation loss scaled by λ. In
practice, the inclusion of the conservation loss prevents the neural network predictor from
expanding or shrinking the obstacles in the occupancy map predictions, preserving obstacle
shapes and sizes.

3.5 Path Planning Framework

We integrate a lattice-based planner with the trained neural network predictor via a simple
yet empirically effective cost function based on occupancy map difference. We reduce the
number of network inferences by caching intermediate prediction results.

3.5.1 Lattice Planning with Motion Primitives

We adopt the lattice-based planner from [14]. The robot state space is discretized into a
state lattice and a pre-computed set of motion primitives, called a control set P , is used to
repeatedly sample feasible motions. Each motion primitive π ∈ P is a path that connects
two lattice states. The total planned path Π = {π1, π2, . . . , πn} is then a concatenated
sequence of motion primitives πi where i = 1, . . . , n. Finally, the planning problem is
reduced to searching for a sequence of motion primitives that minimizes the cost function
at Eq. 3.3 from the start state to the goal line.

3.5.2 Collision Cost with Occupancy

To leverage ice motion prediction, our key observation is that the change in ice floe oc-
cupancy map is strongly correlated with our physical quantities of interests, such as the
impulse and kinetic energy loss from ship-ice collisions. We define an occupancy difference
function diff : O × O → R to compute a scalar difference between two occupancy maps.
Let O and O′ be the ice floe occupancy maps before and after the ship executes a motion
primitive, respectively.

We begin by presenting our empirical analysis on how the occupancy change, denoted
as diff(O,O′), that results from a ship motion primitive relates to the ship’s kinetic energy
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KE Loss Impulse Wapprox

MSE 0.77 0.95 0.96
-SSIM 0.70 0.88 0.90
EMD 0.66 0.88 0.89

Table 3.1: Occupancy change correlations
loss, collision impulse and approximated work done (Wapprox described in Sec. 3.7.1) during
the execution of the motion primitive. For this analysis, we use occupancy maps that match
the input/output dimensions of our learned predictor.

We examined three different methods to evaluate the function diff(O,O′) that measures
occupancy differences: mean-squared error (MSE), negated structural similarity (-SSIM),
and earth-mover distance (EMD). Experiments of ship-ice collisions are generated from 100
trials of random ship navigations in each of the 20%, 30%, 40%, and 50% concentration
environments. These experiments provide collision entries that contain the occupancy
changes measure by the three difference methods and the physical quantities of interests
after the ship executing a motion primitive. The correlations between the occupancy
changes and the collision metrics are presented in Table 3.1. As shown, occupancy changes
from all difference-measurement methods are highly correlated with the kinetic energy loss,
impulse and approximated work. This strong correlation is intuitive because the occupancy
difference correlates with ice field changes. A larger ice field change indicates a greater
displacement of ice floes by the ship maneuvers, which results in heavier ship-ice collisions
and greater ship navigation efforts.

Given this observation, we formulate our collision cost based on occupancy difference,
assuming that minimizing occupancy changes minimizes collisions. Specifically, let π ∈ P
be a motion primitive, the collision cost cπ of taking this motion primitive is computed as

cπ = diff(O,O′), (3.8)

where O and O′ are the ice floe occupancy maps before and after the ship executes the
motion primitive π, respectively. For the rest of this work, we adopt MSE as the method for
computing occupancy difference, given its highest empirical correlation with our collision
metrics and its computational efficiency. Fig. 3.3 shows an illustrative example of this cost.

Finally, given the collision cost from Eq. 3.8 and a concatenated total path Π =
{π1, π2, . . . , πn} from a sequence of motion primitives πi where i = 1, . . . , n, we define
the collision cost function C in Eq. 3.3 for the entire path as

C(Π) =
∑
π∈Π

diff(Oπ, O
′
π), (3.9)
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Figure 3.3: A toy example showing occupancy differences. The motion primitives are
simplified for illustration purposes. The red dotted boxes highlight the predicted motions
of the obstacles. Here left swath is optimal.
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where Oπ and O′
π is the ice floe occupancy before and after the ship executing motion

primitive π, respectively.

3.5.3 A* Search with Occupancy Estimation

Presented in Alg. 1, our lattice-based planner is based on the A* search algorithm [34] and
integrates the predictive component to be obstacle-motion-aware during planning. The
algorithm takes as input the current 2D pose of the ship as the start node ns = ⟨xs, ys, θs⟩,
the current global occupancy observation Oglobal

s , and a goal line ygoal.

During each iteration, the current node n is expanded to its neighbor n′ via a feasible
motion primitive π, denoted by the overloaded + operator at Line 11. A local occupancy
O is cropped from the global occupancy Oglobal based on the ship pose at node n (Line 13)
and is then used for occupancy prediction (Line 14). The edge cost of π is then computed
as a linear combination of the occupancy-difference collision cost discussed in 3.5.2 scaled
by α and the motion primitive length d(π) (Line 15). The predicted local occupancy O′ is
stitched back for an updated global occupancy map O′global (Line 16), which is then cached
if the neighbor n′ is visited for the first time or revisited with a better path (Lines 22). In a
future iteration when the node n′ is being expanded, the global occupancy at n′ predicted
previously is retrieved for further predictions (Line 9). Additionally, by leveraging a GPU in
practice, the network inference can be further optimized by performing batched predictions
by constructing the inferences from node n to all its neighbors n′ as a batch.

3.5.4 Algorithm Analysis

Here we analyze Alg. 1 runtime and performance.

Runtime

While Alg. 1 has the same structure as A∗ or Dijkstra’s algorithm, given that the predictor
f is a deep neural network, the bottleneck operation is the prediction in Line 14, rather than
the priority queue operation in typical cases. Note that in Alg. 1, each node is expanded
at most once and is then added to the closed set CLOSED (Line 8). This implies that
Alg. 1 runtime scales linearly with the number of edges, or motion primitives (Line 10),
explored during the search. Let |E| be the number of edges in the expanded search graph
from Alg. 1, it follows that the runtime is O(|E|P ), where P is the time for each forward
pass of the predictor.
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Algorithm 1: A* Search with Occupancy Prediction

Input: ns, O
global
s , ygoal

1 OPEN← min priority queue containing ns
2 CLOSED← empty set
3 g ← dict that stores cost-so-far

4 occMemo[ns]← Oglobal
s // cache first global occupancy

5 while OPEN not empty do
6 n← OPEN.extractMin()
7 if n reaches ygoal then reconstruct and return path
8 CLOSED.add(n)

9 Oglobal ← occMemo[n] // retrieve cached prediction
10 for all π in P do
11 n′ ← n+ π // get neighbor
12 if n′ ∈ CLOSED then continue

13 O ← crop(Oglobal, n) // crop local occupancy
14 O′ ← f(O,F(n), T (π)) // prediction, Sec. 3.4
15 cost← g(n) + α · diff(O,O′) + d(π)

16 O′global ← stitch(Oglobal, O′) // stitch prediction
17 if n′ /∈ OPEN or cost < g(n′) then
18 g(n′)← cost
19 F ← g(n′) + h(n′) // h heuristic from [14]
20 OPEN.enq(n′, F ) // enqueue or update n′

21 Update n′ parent pointer

22 occMemo[n′]← O′global // cache prediction

23 return False
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3.5.5 Performance

We note that by considering obstacle motions, the path finding problem lacks optimal
substructures. Namely, in an arbitrary optimal path ns ⇝ n ⇝ ngoal from start ns to
the goal ngoal that passes through node n, the sub-path ns ⇝ n is not necessarily the
optimal path from ns to n. This could be the cases where, by following the sub-optimal
path ns ⇝ n to n, the ship pushes the ice floes into a desirable configuration, resulting in
the entire path ns ⇝ n ⇝ ngoal being optimal. Further, optimally solving the navigation
among movable obstacle problem is generally considered as NP-hard [20]. Consequently,
Alg. 1 lacks theoretical optimality guarantee. Hence, we present the following constant-
factor guarantee to upper-bound the performance of Alg. 1.

Theorem 1. Given a problem instance I = (ns, Os, ygoal), let OPT(I) denote the optimal
path and let Alg(I) denote the path returned by Alg. 1 assuming perfect occupancy pre-
dictions. Let lmin be the distance of the shortest action primitive, the cost of Alg(I) is
upper-bounded as

u(Alg(I)) ≤ (1 +
α

lmin

) · u(OPT(I)) (3.10)

where u and α are described in Eq. 3.3.

We present the proof of Theorem. 1 in the next section. We acknowledge that The-
orem. 1 may not hold under imperfect predictions, and we leave the incorporation of
prediction error uncertainty to future work.

3.6 Algorithm Performance Bound

Recall that given an edge e = (n1, n2) that connects two nodes n1 and n2, the cost of the
edge u(e) is computed as

u(e) = d(e) + α ·MSE(O1, O2), (3.11)

where O1 and O2 are the occupancy maps at nodes n1 and n2, respectively (Alg. 1, Line
15). This is a linear combination of the edge length d(e) and the occupancy difference from
taking the edge. For simplicity we use u(·) to denote both the cost of a path and an edge.
By noting that each cell value of an occupancy map O is a value from [0, 1], we present
the following observation.
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Observation 1 (Maximal and Minimal Edge Weights). For each edge e, the edge cost is
bounded as d(e) ≤ u(e) ≤ d(e) + α.

Let I = (ns, Os, ygoal) denote an arbitrary problem instance and let OPT(I) = n0 →
n1 → . . . → nk−1 → nk be the optimal path with k ≥ 1 edges, where n0 = ns and
nk = ngoal. We let ei with i ∈ {1, . . . , k} denote the directed edge on the optimal path
from node ni−1 to node ni.

Recall that in our problem setup the goal is defined to be a line ygoal. So here nk is
an arbitrary goal node ngoal whose y-value is greater than ygoal, and the multiplicity of the
goal nodes does not affect our proof. We now prove the following Lemma.

Lemma 1. For all nodes ni with i = {1, . . . , k} on the optimal path, after running Alg. 1,
the cost-so-far for ni found by Alg. 1, denoted as g(ni) (Alg. 1 Line 18), is upper-bounded
by

g(ni) ≤ d(e1) + . . .+ d(ei) + α · i. (3.12)

Proof. We prove Lemma 1 by induction on the node ni with i ∈ {1, . . . , k}.

Base Case ni = n1: There are two cases:

1. After the execution of Alg. 1, n1’s parent pointer points to n0. This implies that
g(n1) = u(e1) ≤ d(e1) + α by Observation 1.

2. After the execution of Alg. 1, n1’s parent pointer does not point to n0. This implies
Alg. 1 finds a cheaper path to n1 than following the edge e1. It follows that g(n1) ≤
u(e1) ≤ d(e1) + α. Thus, the base case holds.

Inductive Hypothesis: Lemma 1 holds for all nodes n ∈ {n1, . . . , ni−1}.

Inductive Step: By Inductive Hypothesis, it follows that after the execution of
Alg. 1, we have

g(ni−1) ≤ d(e1) + . . .+ d(ei−1) + α · (i− 1). (3.13)

We again proceed with the same case analysis.
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1. After the execution of Alg. 1, ni’s parent pointer points to ni−1. This implies that
g(ni) = g(ni−1) + u(ei). By Eq. 3.13 and Observation 1, we have

g(ni) = g(ni−1) + u(ei)

≤ d(e1) + . . .+ d(ei−1) + α · (i− 1) + d(ei) + α

= d(e1) + . . .+ d(ei) + α · i.
(3.14)

2. After the execution of Alg. 1, ni’s parent pointer does not point to ni−1. This
implies Alg. 1 finds a cheaper path to ni than following the edge ei from node ni−1.
Consequently, g(ni) ≤ g(ni−1) + u(ei). Applying the same reasoning from Eq. 3.14,
we have

g(ni) ≤ d(e1) + . . .+ d(ei) + α · i. (3.15)

Thus, by induction, Lemma 1 holds.

With Lemma 1 established, note that nk = ngoal. This implies that after its execution,
Alg. 1 is guaranteed to find a path to ngoal that is cheaper than d(e1) + . . .+ d(ek) + α · k.
Let Alg(I) denote the path returned by Alg. 1 on instance I, it follows that

u(Alg(I)) ≤ d(e1) + . . .+ d(ek) + α · k
= d(OPT(I)) + α · k.

(3.16)

Recall that k is the number of edges in the optimal path OPT(I), and each edge in
Alg. 1 is an action primitive π. In this work, all distances d(·) are measure in meters.
Let lmin denotes the distance of the shortest action primitive in meters. This implies that
k ≤ d(OPT(I))

lmin
. By expanding u(·) using its definition from Eq. 3.3, it follows that

d(OPT(I)) + α · k
≤ d(OPT(I)) + α · k + α · C(OPT(I))

≤ d(OPT(I)) +
α

lmin

· d(OPT(I)) + α · C(OPT(I))

= (1 +
α

lmin

) · d(OPT(I)) + α · C(OPT(I))

≤ (1 +
α

lmin

) · (d(OPT(I) + α · C(OPT(I)))

= (1 +
α

lmin

) · u(OPT(I)).

(3.17)

It follows that Theorem 1 holds.
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3.7 Evaluation

We evaluate the performance of the proposed planner both in simulation and in a physical
dry-land ship-ice navigation testbed. We compare our planner (predictive) against three
baselines. The first baseline (straight) is a naive planner that returns a straight path from
the ship’s position to the goal. The second baseline (skeleton) adopts the shortest open-
water planner proposed in [27]. The third baseline (lattice) is the lattice planner proposed
in [14]. Each trial involves navigating the ship across an ice channel toward a goal line
G using a specified planner. Codes and demos are available at https://github.com/IvanIZ/

predictive-asv-planner.

3.7.1 Simulation Setup

We conduct evaluations on the autonomous ship-ice navigation simulator from [14]. The
setup is consistent with the experimental platform at the National Research Council
Canada ice tank in St. John’s, NL, featuring a 1:45 scale model vessel. Tests are conducted
at 20%, 30%, 40%, and 50% concentrations, with 200 randomly generated environments per
concentration. Fig. 3.1 (left) shows a 40% concentration ice field. We evaluate all four plan-
ners on the same set of trials, giving a total of 4 concentrations × 200 trials × 4 planners =
3200 experiments.

Planners are evaluated with four metrics - travel distance, a running total kinetic energy
loss by the ship, impulse due to ship-ice collisions, and an approximate of work done by
the ship due to ice pushing. The total kinetic energy loss and impulse are computed
from the simulator, and the approximated work Wapprox is computed as an aggregation of
products of the ice mass mpi with the arc length spi taken by the ice floe pi ∈ Wobs as
Wapprox =

∑
pi∈Wobs

mpispi . While Wapprox does not directly compute work, we found that
it correlates with work and provides a direct assessment of the extent of ice field changes
due to ship maneuvers.

3.7.2 Simulation Results

The evaluation results from simulation are presented in Fig. 3.4. As shown, the predictive
planner gives the best performance across all collision metrics in all concentrations.

In general, the predictive planner and the lattice are the most competitive planners in
collision minimization, especially in 20% and 30% concentrations. This could potentially
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be explained by the fact that both predictive and lattice planners are designed to handle
ship-ice navigation scenarios where a collision-free path does not exist.

Observe that while the collision minimization performances of predictive and lattice
planner are comparably competitive in low ice concentrations (20% and 30%), the perfor-
mance gain from skeleton and lattice planners over the naive straight planner diminishes
significantly as concentration increases (40% and 50%). Since skeleton and lattice planner
do not account for ice floe motion during planning, the increasingly rich and complex ice
motion in higher concentrations renders the planning strategies less effective. However,
the predictive planner maintains a robust performance across all concentrations.

Lastly, note that predictive planner outperforms lattice while maintaining comparable
distances. This suggests that the improved collision avoidance of the predictive planner is
not simply due to compromising distance by taking longer detours, but stems from a more
informed reasoning process enabled by the additional knowledge about ice motion.

3.7.3 Physical Testbed Setup

We further validate the proposed planner in a physical testbed that simulates autonomous
ship-ice navigation at the University of Waterloo Autonomous System Laboratory. The
testbed features a 2.8m × 1.6m navigation environment, shown in Fig. 3.1 (right). A
TurtleBot3 Burger is used as a model vessel, and is attached with V-shape hanger as the
ship bow. Ice obstacles are made from randomly shaped foam boards. The vision system is
an overhead camera that tracks the robot pose at 10Hz and detects obstacles at 3Hz. The
robot navigates at a constant nominal velocity of 0.03m/s, with a PID controller tracking
the reference path at 10Hz.

3.7.4 Physical Testbed Evaluation

We perform testbed evaluations in 20%, 30%, and 40% concentration environments. For
each concentration, 40 trials are performed for each planner, giving a total of 3 concentrations×
40 trials × 4 planners = 480 experiments. Wapprox and travel distance are used as metrics
to quantify collision minimization and travel efficiency, respectively. Demonstrations of the
testbed setup and experiments can be found in the supplemental video.

Fig. 3.5 presents the evaluation results from the testbed, showing similar trends. No-
tably, the predictive planner achieves the lowest Wapprox across all three concentrations
while maintaining comparable travel distances in the 20% and 30% cases. However, a
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Figure 3.4: Evaluation results from simulation across four concentrations
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trend of increased travel distance from predictive is observed at the 40% concentration,
likely due to greater errors in ice motion prediction.

We acknowledge the lab-to-real gap in our testbed, particularly the absence of factors
such as ocean current and fluid dynamics. However, the testbed effectively captures core
aspects of autonomous navigation in ice-covered waters, focusing on scenarios where a
collision-free path is unattainable and where ship-ice and ice-ice collisions are prominent.

Figure 3.5: Testbed evaluations across 20%, 30%, and 40% concentrations.

3.8 Conclusion

We present an integrated framework for ASV navigation in ice-covered waters, combining
a deep learning model for ice motion prediction with a lattice planner to plan obstacle-
motion-aware paths. Evaluations in simulation and a physical testbed show that predicting
the motion of ice significantly improves the navigation performance. The performance gain
is especially notable in high ice concentrations with increased ice motion, underscoring
the value of anticipating obstacle motions during planning. In future work, we aim to
incorporate additional environment factors into our prediction, such ship waves and ocean
currents, for more robust inferences.
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Chapter 4

Benchmarking Non-prehensile
Interactive Navigation

In this chapter, we move from ASV navigation to a boarder scope of non-prehensile inter-
active navigation and introduce Bench-NPIN, a unified benchmarking suite that evaluates
algorithms across different environments and tasks.

4.1 Motivation

When mobile robots are deployed in cluttered and unstructured environments, such as
homes, hospitals, or disaster sites, the ability for robots to interact with objects and ob-
stacles can be essential for task completion. Traditional approaches to robot navigation
focus on computing collision-free paths. However, in environments where obstacles block
all feasible routes, robots must interact with obstacles to progress, leading to a class of
problems known as Navigation Among Movable Obstacles (NAMO) [20]. Interactive navi-
gation expands upon NAMO by including scenarios where interactions with objects in the
environment are not only inevitable but essential for task completion, for example, pushing
objects to designated locations while avoiding unnecessary collisions.

Historically, interactive navigation and NAMO have been studied with the assumption
that mobile robots are equipped with manipulators to move obstacles out of the way [74, 64,
75, 82]. However, manipulators are not always viable due to cost considerations, structural
limitations, or task-specific constraints. Moreover, prehensile manipulation of objects with
complex dynamics remains a significant challenge. This has spurred increasing interest
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Figure 4.1: Illustration of non-prehensile interactive navigation environments with config-
urable complexity levels. Upper-left shows the Maze environment, the mobile robot must
reach the goal point among movable obstacles. Lower-left shows the Ship-Ice environment
where an autonomous ship must navigate through ice-covered waters. Upper-right shows
Box-Delivery environment, where the robot’s objective is to push all boxes into the green
receptacle. Lower-right is the Area-Clearing environment, where a robot needs to remove
all boxes from within a clearance area outlined by the green rectangle.

in non-prehensile interactive navigation (NPIN), where robots interact with objects with
non-grasping actions [12, 91, 83, 21]. Despite the growing body of work, the field still
lacks a unified framework for systematic evaluation and reproducibility, as no standardized
benchmarking tools exist.

To address this gap, we present Bench-NPIN, the first comprehensive suite of tools for
standardized training and evaluation of algorithms for non-prehensile interactive naviga-
tion. Bench-NPIN is made available as an open-source Python library. In this benchmark,
we define two classes of non-prehensile interactive navigation tasks. Navigation-centric
NPIN refers to the tasks where the objective is to navigate the robot to a goal location;
Manipulation-centric NPIN refers to the tasks where the primary objective is to manip-
ulate movable objects using a non-prehensile manipulator (e.g., pushed using the robot’s
front bumper) to reach a desired goal configuration.

Our key contributions are as follows. First, we introduce Bench-NPIN, a benchmarking
tool, that consists of a range of simulated environments for both navigation-centric and
manipulation-centric NPIN tasks. Each environment is user-configurable to modify the
difficulty of the environments and the tasks. The included environments are as follows:
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• navigating a maze among movable obstacles,

• autonomous ship navigation in ice-covered waters,

• delivering boxes to a receptacle, and

• clearing boxes from an area.

Secondly, we propose a set of novel metrics that are included in Bench-NPIN to evaluate
and compare policies that tackle navigation-centric and manipulation-centric NPIN tasks.
The proposed metrics capture properties unique to interactive navigation such as efficiency
and interaction trade-offs, and partial task completions.

Finally, we demonstrate Bench-NPIN using established baseline algorithms for each task
and present their evaluation results. The baseline implementations are included in Bench-
NPIN as reference implementations for users to configure algorithms of their choosing.
For our baselines, we include implementations of widely used Reinforcement Learning
(RL) algorithms, such as Soft Actor-Critic (SAC) [33] and Proximal Policy Optimization
(PPO) [70]. In addition to general RL baselines, we also include task-specific state-of-
the-art methods, such as ship path planners [14, 95] for autonomous ship navigation and
Spatial Action Maps [83] for manipulation-centric tasks.

4.2 Related Work

In this section, we review related work in NPIN and the most closely related benchmarks.

4.2.1 Non-prehensile Interactive Navigation

Interactive navigation [86] refers to scenarios where a mobile robot must interact with
the environment to complete its tasks. Non-prehensile interactive navigation (NPIN) is
a subset of this problem, where robots interact with obstacles and objects without using
manipulators or grasping actions. NPIN tasks can be further classified into two categories:
navigation-centric NPIN and manipulation-centric NPIN.

Navigation-centric NPIN focuses on reaching a goal location while engaging in inevitable
environment interactions, such as pushing path-blocking obstacles aside. Prior work has
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explored various strategies to tackle this challenge. For instance, [91] investigated reinforce-
ment learning-based navigation in cluttered environments with movable obstacles, propos-
ing a local path-planning framework for dynamic interactions. [12] introduced an adaptive
dynamics model for common indoor movable objects that enables robots to anticipate and
adjust to object movements. Beyond terrestrial robots, [14, 95] studied autonomous surface
vehicle (ASV) navigation in ice-covered waters, where ship-ice interactions are inevitable,
and proposed planning frameworks that reduce collisions during navigation.

Manipulation-centric NPIN, on the other hand, emphasizes manipulating the movable
objects in the environment to reach a desired configuration. Examples include pushing
objects to predefined locations or clearing debris from a designated area. In [83], Spatial
Action Map (SAM) is proposed as a novel action representation for a multi-object pushing
problem, where a mobile robot must transport scattered objects into a goal receptacle. This
work was subsequently extended in [85], where the robot uses an onboard pneumatic blower
to clear up scattered objects. In [21], a Deep Reinforcement Learning (DRL) framework
with task-space decomposition is proposed to address long-distance non-prehensile object
delivery. In [22], curriculum reinforcement learning is deployed to learn multi-robot non-
prehensile heavy object transportation.

4.2.2 Benchmarks for Robot Navigation

Various benchmarks have been proposed for mobile robot navigation. Traditional bench-
marks focus primarily on collision-free navigation. [62] proposed a benchmark for ground
mobile robot navigation in cluttered environments. [88] and [50] extend beyond static
environments by considering both static and dynamic obstacles. [39] introduced SOCIAL-
GYM for robots navigating dynamic human environments. However, these benchmarks
primarily assess navigation performance under constraints that discourage environmental
interaction, classifying collisions as failures rather than controlled contacts.

The Interactive Gibson Benchmark [86] represents an advancement in benchmarking
interactive navigation, introducing scenarios where environmental interaction is necessary.
Our work differs from [86] by focusing on non-prehensile interaction navigation. Further, we
extend beyond navigation-centric scenarios considered in [86] by covering a broader range
of tasks, including manipulation-centric scenarios such as non-prehensile object delivery
via pushing.

Evaluation metrics in existing navigation benchmarks [62, 88] primarily focus on nav-
igation success rates, collision count, and path efficiency. However, these metrics are
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insufficient for assessing interactive navigation tasks, where controlled interactions are re-
quired rather than avoided. [86] proposed a novel set of metrics for interactive navigation
that captures both efficiency and environment disturbance from the interaction. These
metrics are geared toward navigation-centric NPIN, and are not suitable for manipulation-
centric cases where modifying the environment is part of the task (i.e., box delivery). In
contrast, our benchmark introduces separate evaluation metrics for navigation-centric and
manipulation-centric NPIN, ensuring that interaction quality and efficiency are appropri-
ately measured in both classes.

4.3 Bench-NPIN

Bench-NPIN consists of three main components – (i) environment, (ii) policy, and (iii)
evaluation metrics. In this section, we detail the specifics of these environments, explain
the implementation of custom policies in Bench-NPIN and introduce the metrics used to
evaluate policies. First, we clarify some of the terminology used in this section.

Environment: An environment is a custom-built Gymnasium [80] interface, which
contains the full world transition dynamics. Each environment has multiple variations
with increasing complexity (see Fig. 4.1). Environments can be run independent of a
training session, and the robot can be manually operated by a user.

Task: We refer to a task as the robot’s objective in a given environment. Specifically,
we consider two types of tasks:

• Navigation-centric, where the robot must reach a specified goal region in the envi-
ronment.

• Manipulation-centric, where the robot must move objects in the environment to
specified areas.

Policy: A policy is a set of rules used to control the robot in an environment. It takes
a sequence of observations as an input and outputs a robot action. In Bench-NPIN, we
include several baseline policies as reference implementations to users, which are listed in
Tables 4.1 and 4.2.

Metric: A metric is a score used to evaluate the effectiveness of a policy in completing
a task in a given environment. In Section 4.3.3, we introduce novel metrics that we included
in Bench-NPIN to evaluate and compare policies.
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Table 4.1: Non-prehensile interactive navigation tasks in Bench-NPIN.

Environments Task Class Variations

Maze Navigation-centric maze complexity, obstacle count
Ship-Ice Navigation-centric ice concentrations
Box-Delivery Manipulation-centric w/o static obstacles, box count
Area-Clearing Manipulation-centric w/o static obstacles, box count

Table 4.2: Reference baselines for each task in Bench-NPIN.

Environments Baselines Evaluated

Maze SAC [33], PPO [70]
Ship-Ice SAC [33], PPO [70], ASV planning [14, 95]
Box-Delivery SAC [33], PPO [70], SAM [83]
Area-Clearing SAC [33], PPO [70], SAM [83], GTSP (Sec. 4.4.1)

Table 4.3: Actions and observations for each task.

Environments Action Observation

Maze Angular vel. occupancy + footprint + goal DT
Ship-Ice Angular vel. occupancy + footprint + goal DT + heading encoding
Box-Delivery Heading occupancy + footprint + egocentric DT + goal DT
Area-Clearing Heading occupancy + footprint + egocentric DT + goal DT
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Table 4.4: Rewards each task.

Environments Rewards

Maze collision + distance decrement + terminal
Ship-Ice collision + heading + terminal
Box-Delivery collision + box completion + box displacement
Area-Clearing collision + box completion + box displacement

4.3.1 Bench-NPIN Environments

We now introduce the navigation-centric and manipulation-centric environments and tasks
included in Bench-NPIN. For each environment, we provide details about the actions and
observations available to the robot and the rewards the robot receives. Tables 4.3 and 4.4
summarize the action space, observation space, and reward functions for each environment.

Navigating maze with movable obstacles (Maze)

TheMaze environment features a static maze structure with randomly initialized obstacles.
The robot’s task is to navigate from a starting position to a goal location (green circle in Fig.
4.2) while minimizing path length and obstacle collisions. Variations of the environment
include different maze structures, obstacle geometries, and obstacle locations and densities.

The robot in this environment is configured to move with a constant forward speed
and receives an angular velocity as action input from the policy. At each timestep, the
robot makes a local egocentric observation consisting of four channels that correspond to
(i) static obstacle occupancy, (ii) movable obstacle occupancy, (iii) robot footprint, and
(iv) a distance transform (DT) originating from the goal (goal DT). Fig. 4.2 shows an
example of the robot’s observations. The robot receives rewards for moving closer to the
goal, penalties for colliding with obstacles, and a terminal reward when reaching the goal.

Autonomous ship navigation in icy waters (Ship-Ice)

The Ship-Ice environment simulates an autonomous ship navigating in a channel of ice-
covered waters (see Fig. 4.1). The ship’s task is to reach a horizontal goal line ahead of
the ship while minimizing collisions with broken ice floes in the channel [14]. The ice floes
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Figure 4.2: The Maze environment (left) and an example egocentric observation for Maze
(right).

Figure 4.3: The Area-Clearing environment (left) and example observation for Area-
Clearing (right).
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are represented as convex polygons with ice concentrations varying between 0% and 50%.
As concentrations exceed approximately 20%, collision-free paths become non-existent, so
the ship must minimize kinetic energy loss and maintain momentum.

Similar to the Maze environment, the ship moves with a constant forward speed and
receives an angular velocity as action input. The ship makes the observations similar to
Maze but with an additional channel that encodes the heading of the ship as a single-pixel-
width line. This channel facilitates fine-grained movement around clusters of ice floes. The
ship’s reward function combines penalties for collisions with ice floes, a heading reward to
encourage approaching the goal line, and a terminal reward for reaching the goal.

Delivering boxes to a receptacle (Box-Delivery)

The Box-Delivery environment consists of a set of movable boxes and a designated recep-
tacle. The robot is tasked with delivering all boxes to the receptacle using a non-prehensile
manipulator (e.g. front bumper) to push the boxes. The boxes and robot starting loca-
tion are randomly generated within an environment. Further variations are possible by
including static obstacles (e.g., columns) and changing the number and size of movable
objects.

At each step, the robot receives a heading as its action input, in which case the robot
travels for a fixed distance along that heading. The robot’s observation is egocentric and
includes (i) occupancy of the environment with static and movable objects encoded in
different values, (ii) robot footprint, (iii) DT originating from the robot (egocentric DT),
and (iv) DT originating from the receptacle (goal DT). The robot receives rewards for
moving boxes toward the receptacle or delivering a box, and penalties when colliding with
static obstacles or moving boxes away from the receptacle.

Clearing boxes from an area (Area-Clearing)

The Area-Clearing environment consists of a set of movable boxes and a clearance area.
The task of the robot is to remove the boxes from within this clearance area, with no
constraints on the final positions of the cleared boxes. Variations of this environment can
be created in Bench-NPIN by changing the number of objects to be removed, the number
of static obstacles, and workspace constraints (e.g., walls blocking clearance area close to
the boundary).

The robot actions and observations in Area-Clearing are identical to those of Box-
Delivery. Fig. 4.3 illustrates the environment and corresponding robot observations. The
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robot (grey) pushes movable objects (brown) out from within a clearance area (inside light
green square). In the occupancy observation, cleared boxes are shown in a distinct color
from those still inside the area, visually indicating task progress. The reward function is
constructed similar to the Box-Delivery, where the robot receives a reward when moving
any object inside the clearance area closer to the boundary, and when pushing a box out
of the boundary.

4.3.2 Bench-NPIN Implementation

Bench-NPIN is designed with a modular architecture to support flexible customization and
ease of use. The benchmark has been designed with a one-line install to allow researchers to
get up-and-running quickly. We highlight two core aspects of Bench-NPIN’s implementa-
tion, which enable users to integrate custom policies of their choice to tackle the discussed
NPIN tasks.

Gymnasium Integration

All environments detailed in Sec. 4.3.1 are implemented on top of the Pymunk 2D [6]
physics engine. We integrate these environments within the Gymnasium [80] interface
to standardize policy development and evaluation. The implementation supports a wide
range of environment parameters through either script-level configuration or command-line
arguments.

Extensible Policy Class

Bench-NPIN provides a standardized, extensible policy template to simplify the incorpo-
ration of new algorithms. This template follows a plug-and-play philosophy: a user only
needs to implement the required APIs within a policy class. Bench-NPIN then handles
inference, evaluation, and logging processes.

By way of illustration, Bench-NPIN comes with reference implementations for well-
established baselines, as described in Sec. 4.4. These examples demonstrate both how
to integrate popular Reinforcement Learning algorithms from Stable Baselines 3 [65] and
how to incorporate specialized or state-of-the-art approaches. Additional documentation
and usage examples, including configuration files and training scripts, are provided in the
project repository at https://github.com/IvanIZ/BenchNPIN.
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Figure 4.4: An illustration of three teleoperated paths and the corresponding performance.
While the shortest path (red) has the highest efficiency score Enav = 0.86, the excessive
collisions with the movable obstacles significantly degrade the effort score Inav = 0.56. In
contrast, while the longest path (blue) is collision-free Inav = 1.00, efficiency is largely
compromised Enav = 0.54. A balanced path (yellow) potentially offers the best trade-off.

4.3.3 Metrics

We now provide a set of novel metrics to evaluate policies for NPIN tasks. These metrics are
inspired by [86] and aim to capture the efficiency and interaction efforts of the robot. Let
K be the number of movable objects in the environment. The mass and motion distance
for each object are denoted as mi and li for i ∈ {1, . . . , K}, respectively. We denote the
mass and motion distance of the robot as m0 and l0, respectively. Since navigation-centric
and manipulation-centric NPIN tasks are intrinsically different, Bench-NPIN provides two
sets of metrics to address each class separately.
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Navigation-centric Metrics

Efficiency in navigation-centric NPIN is computed with respect to the length of the robot’s
path. Let 1success be an indicator function on whether the robot successfully reaches the
goal, and l∗0 be the shortest path distance from the robot’s start position to the goal
while ignoring interactions with movable objects. The efficiency score Enav ∈ [0, 1] is then
computed as

Enav = 1success
l∗0
l0
. (4.1)

Eq. 4.1 implies that the efficiency score Enav = 1 if the robot reaches the goal with the
shortest travel distance.

The interaction effort score measures the kinematic effort exerted by the robot to move
objects along the path that it had traversed. This score is given by the ratio between the
approximated minimum work and the approximated actual work done by the robot from
overcoming kinetic frictional forces due to interactions in its path. To approximate this
work, we assume that the entire environment has a kinetic friction coefficient µ. Following
this, the kinetic frictional force for moving the ith object is µmig and the work done by the
robot to overcome this force (i.e., move this object) is µmigli. We further approximate the
minimal work required by considering the robot as the 0th object, giving µm0gl0. Thus,
the interaction effort score Inav ∈ [0, 1] is computed as

Inav =
µm0gl0∑K
i=0 µmigli

=
m0l0∑K
i=0mili

. (4.2)

Eq. 4.2 implies that the maximum interaction effort score is reached when the robot
manages to reach the goal without moving any objects. Further, Inav reduces when in-
teracting with heavier objects at greater distances, an undesirable behavior in navigation-
centric tasks. Fig. 4.4 illustrates how our metrics capture both efficiency and interaction
effort. This visualization also highlights the inherent and unique trade-off in interactive
navigation, where policies need to consider balancing both minimizing travel distance and
avoiding unnecessary interactions.

Manipulation-centric Metrics

The metrics for manipulation-centric NPIN, unlike the navigation-centric NPIN metrics,
must incorporate the minimum path length and effort required by the robot to manipulate
objects towards completing its task. We also look to compare robot paths that may achieve
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Figure 4.5: Three teleoperated paths for area clearing, with each path having a task success
score Smanip = 2/3. While path 1 (red) has the highest efficiency score, its effort score is
low as it moves a box longer than its shortest distance to the goal (dotted lines of length
l∗i ). In contrast, path 3 (blue) achieves the best effort score by pushing as little as possible,
but results in a long path and a low efficiency score. Path 2 (yellow) potentially offers the
best trade-off.

partial completion of tasks, e.g., push two out of four boxes into the receptacle. To capture
this effectively, we propose three metrics: (i) task success score Smanip, (ii) efficiency score
Emanip, and (iii) interaction effort score Imanip.

To simplify our explanation, we consider that each of the K movable objects must be
manipulated to a desired configuration (delivered or cleared). As such, the robot must
complete a series of smaller manipulation sub-tasks corresponding to each box to complete
the overall task. Let 1isuccess be an indicator function that denotes whether the sub-task
corresponding to the ith movable object has been completed. Let K ′ ≤ K be the number of
sub-tasks that have been completed successfully, i.e., K ′ =

∑K
i=1 1

i
success. The task success

score Smanip is given as

Smanip =
K ′

K
. (4.3)
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Now, given that K ′ sub-tasks were completed, let L∗(K ′) be the minimum path length
required to complete the successful sub-tasks. For example, if the robot delivers 2 out of 4
boxes, L∗(K ′) is the minimum path length the robot must take to move the two boxes to
the receptacle. The efficiency score Emanip is given by

Emanip =
L∗(K ′)

l0
. (4.4)

In Bench-NPIN, we compute L∗(K ′) using a minimum spanning tree (MST) of a graph G
that we construct as follows. The vertex set includes K ′ vertices for the initial positions
of the movable objects, another K ′ vertices for the closest point to the goal (receptacle or
clearance area boundary) from each object, and a vertex for the robot. Edges are added
between all pairs of objects, from the robot to each object, and from each object to its
nearest goal, with the edge weights being the shortest distance between the two points.
The MST of this graph is not a strict lower bound on the total path length, and as such, it
is not guaranteed that Emanip ∈ [0, 1]. However, we find that this is a practical bound, as
doubling the edges of the MST provides a path that can complete the sub-tasks (ignoring
object-to-object interactions). Using both Smanip and Emanip, we can determine how many
sub-tasks the robot has completed, and how efficient its path was to complete the sub-tasks.

For the interaction effort score, we look to approximate the minimum work the robot
must do to complete K ′ sub-tasks while traversing its path. Using the friction coefficient µ
of the environment, this work is approximated as µg(m0l0 +

∑K
i=1 1

i
successmil

∗
i ), where l

∗
i is

the shortest distance from the ith object to the goal (see Fig. 4.5). The actual work done
by the robot is approximated as

∑K
i=0 µmigli, i.e., similar to the one in Inav. Using this,

the interaction effort score Imanip ∈ [0, 1] is computed as

Imanip =
m0l0 +

∑K
i=1 1

i
successmil

∗
i∑K

i=0mili
. (4.5)

Fig. 4.5 illustrates the manipulation-centric NPIN metrics capturing the efficiency and
interaction effort for three trajectories for the area clearing task. All trajectories achieve
a task success score of 2/3, but with different trade-offs for path length and interaction
effort.

4.4 Evaluating Baselines using Bench-NPIN

In this section, we present experimental results for all interactive navigation tasks. These
results are intended to confirm the extensibility of Bench-NPIN and provide benchmarking
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references for future studies.

4.4.1 Implemented Baselines

To support both general NPIN research and task-specific studies, Bench-NPIN includes a
diverse set of baselines. These baselines fall into two categories: (i) reinforcement learning
baselines applicable to all tasks outlined in Section 4.3.1 and (ii) task-specific baselines for
each task. The baselines for each task are summarized in Table 4.1. For each task, we test
the corresponding baselines using a single configuration of the environment and evaluate
their performance using the metrics from Section 4.3.3.

The reinforcement learning baselines include Soft Actor-Critic (SAC) [33] and Prox-
imal Policy Optimization (PPO) [70]. These baselines were implemented using Stable
Baselines 3 [65] and trained across all tasks. To handle image observations, both base-
lines employ a customized ResNet18 [35] backbone with the last linear layer removed as
the high-dimensional observation encoder, followed by a 3-layer MLP to output actions or
value estimates.

In addition to general RL baselines, Bench-NPIN provides specialized policies tai-
lored for individual tasks. For Ship-Ice, we provide lattice-planning [14] and predictive-
planning [95] policies designed for ASV navigation. For Box-Delivery and Area-Clearing,
we adopt the Spatial Action Map (SAM) policy [83], which is a method designed for multi-
object pushing [84]. The SAM policy learns to output a series of waypoints in the environ-
ment that enable the robot to complete a manipulation-centric task. To implement SAM,
we also configured the Box-Delivery and Area-Clearing environments to receive waypoints
in the environment as action inputs.

Additionally for Area-Clearing, we introduce a new baseline policy that plans a global
path to clear all boxes by solving a generalized traveling salesman problem (GTSP). This
GTSP policy is inspired by an approach for robot coverage path planning [66]. For each
box in the environment, we consider the path to clear the box across each edge of the
clearance area boundary. For example, in the case of a rectangular clearance boundary
(Fig. 4.3), we consider 4 paths to clear each box across each of the 4 edges. We will refer to
these as the box’s clearance paths. We construct an auxiliary graph G = (V,E) where each
box constitutes a set S and contains vertices v ∈ V that each correspond to a clearance
path considered for the specific box. The robot’s start position is encoded as a separate
vertex. The edge cost between two vertices is the shortest path length to reach the start
of one clearance path from the end of another (or the robot’s start position). Solving the
GTSP on this graph gives us a robot path that aims to clear each box individually along
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Figure 4.6: Evaluation results for PPO and SAC in Maze.

a series of clearance paths. The path is computed once and executed by the robot until it
either (i) clears all boxes in the environment or (ii) finishes the full path. Note that this
method does not necessarily clear all boxes and does not minimize the robot’s effort as it
ignores object-to-object interactions.

Both SAC and PPO policies for all tasks are trained on a single 4GB NVIDIA GeForce
RTX 3050 GPU for approximately 30 hours. For the manipulation-centric tasks, SAM
was trained on NVIDIA RTX 6000 for approximately 7 hours. In each environment, we
evaluated all baseline policies for 200 episodes. We fixed a constant random seed to evaluate
each environment to ensure that all policies were tested against identical configurations.

4.4.2 Maze Evaluations

We evaluated the performance of SAC and PPO in a U-shaped maze with 5 movable
obstacles, as shown in Fig. 4.4. The robot starts at the lower-right end of the maze and
must reach the goal region located in the lower-left end. The obstacle placements are
randomized at the start of each episode.

Fig. 4.6 shows the efficiency and interaction effort scores after evaluating PPO and SAC
inMaze. Overall, PPO policy gives the best performance. The PPO policy achieves a mean
efficiency of 0.76 and a mean effort score of 0.85. The SAC policy gives a comparable effort
score (mean 0.84) to PPO (mean 0.85). However, it is important to note that SAC struggles
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Figure 4.7: Evaluation results for PPO, SAC, lattice-planning policy (Lattice), and
predictive-planning policy (Predictive) in Ship-Ice.

to navigate the robot toward the goal in most episodes. This challenge is reflected in the
efficiency score, where the majority of episodes display efficiency values concentrated near
zero, as indicated by a narrow interquartile range and a median close to zero. This explains
the high effort score for SAC, as the robot did not have many opportunities to interact
with the movable objects, as was the case with PPO.

4.4.3 Ship-Ice Evaluations

In Ship-Ice, the performance of SAC, PPO, lattice-planning policy, and predictive-planning
policy are evaluated in 10% ice concentration with a 10-meter goal horizon. In each episode,
the ice floes are randomly generated up to 10% concentration, and the ship is randomly
initialized along a start line 10 meters away from the goal line.

Fig. 4.7 shows the evaluation results for PPO, SAC, lattice-planning policy, and predictive-
planning policy. All baselines perform comparably in terms of efficiency with scores close
to Enav = 1.0. This is potentially due to the fact that evaluations are performed under
a low ice concentration, so scenarios where long detours are required for avoiding large
clusters of ice take place less frequently. In terms of collision avoidance, SAC gives the
highest interaction effort scores, making it overall the best-performing model under 10%
concentration setup.
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Figure 4.8: Task success scores Smanip for the manipulation-centric NPIN baselines included
in the benchmark.

4.4.4 Box-Delivery Evaluations

For Box-Delivery, we evaluated the performance of PPO, SAC, and SAM under the setting
shown in the left-most Box-Delivery snapshot in Fig. 4.1, where the robot must deliver
10 boxes to the receptacle with no static obstacles impeding its path. The positions of
the robot and boxes are randomly initialized at the start of an episode. The episode
terminates after all boxes have been delivered, or if the robot does not deliver any boxes
to the receptacle for 200 steps.

The results of evaluating the baseline policies are shown in Figs. 4.8 and 4.9. We
observe that SAM drastically outperforms the other baselines in terms of success and
efficiency. This is mainly because SAM is a specialized algorithm for manipulation-centric
tasks, whereas PPO and SAC are general RL algorithms. Another difference is that the
SAM policy learns to output waypoints for the robot to drive to, whereas PPO and SAC
learn to output a heading. As such, SAM is able to learn a more effective policy than PPO
and SAC within the provided training time as the mapping from the high-dimensional
observation space to a series of waypoints is less complicated to learn than mapping to a
series of headings.
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Figure 4.9: Evaluation results for PPO, SAC, and SAM in Box-Delivery.

4.4.5 Area-Clearing Evaluations

We now evaluate the performance of PPO, SAC, SAM, and GTSP (Sec. 4.4.1) policies for
the Area-Clearing environment. For this evaluation, we used the environment configura-
tion where the robot must clear 10 boxes from within a rectangular clearance boundary
without any static walls or obstacles blocking its path (Fig. 4.3). Each policy was run for
200 episodes, where the initial positions of the boxes are randomized after every episode.
Also, the robot is initialized facing upwards at a random point close to the bottom of the
environment. The episode terminates when all boxes are cleared out, or if the robot does
not clear a box for 200 steps.

Figs. 4.8 and 4.10 show the results of evaluating the baseline policies from Table 4.1.
All baselines achieve high task success scores, with SAM outperforming all baselines as it
successfully clears all boxes in every episode. We also observe that SAM outperforms all
baselines in efficiency, while SAC achieves the best effort score. This is because the SAM
policy prefers stacking multiple boxes and clearing them simultaneously, while the SAC
policy results in long paths with relatively minimal interaction with the boxes. However,
in comparison with the GTSP planner, SAM achieves better effort scores as it considers
object-to-object interactions while stacking boxes and minimizes the distance traveled by
the boxes (lower effort). In comparison, the GTSP policy does not consider this and results
in accidental stacking of boxes, which increases the robot’s effort (see Sec. 4.4.1).
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Figure 4.10: Evaluation results for PPO, SAC, SAM, and GTSP in Area-Clearing.

4.5 Conclusion

This chapter introduces Bench-NPIN, the first comprehensive benchmark for non-prehensile
interactive navigation. Bench-NPIN features various tasks in simulated environments di-
vided into two categories: navigation-centric tasks and manipulation-centric tasks. Users
can customize tasks with different levels of complexity. Additionally, the benchmark in-
cludes implementations of both established learning policies and task-specific policies for
each task, demonstrating its extensibility. It also provides a set of metrics specifically
designed to measure efficiency and interaction effort within interactive navigation tasks.

Future work includes extending Bench-NPIN to allow collecting human demonstration
data from the provided environments. This may enable the development of learning from
demonstration (LfD) policies to tackle NPIN tasks. Bench-NPIN will also be extended
to 3D environments with realistic sensor models and open-world dynamics. Finally, we
plan to apply Bench-NPIN on real mobile robots to address sim-to-real gaps for interactive
navigation research.

We acknowledge that it is challenging, or even impossible, to build a single benchmark
that will suit the needs of all researchers in non-prehensile interactive navigation. However,
we have been motivated by the importance of the area and the lack of existing benchmarks.
There is significant potential for progress in NPIN, and learning-based algorithms show
promise. As such, we hope that Bench-NPIN will provide a useful tool for researchers
working in non-prehensile interactive navigation, and will facilitate further research and
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breakthroughs in the area.
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Chapter 5

Generative Skill Chaining with
Out-of-distribution Predictions

In this chapter, we advance the core discussion on non-prehensile interactive navigation
from specific problem grounding and benchmarking to long-horizon planning. In particular,
this chapter, explores generative skill chaining with diffusion models, enabling robots to
synthesize long-horizon interaction sequences for long-horizon navigation problems, while
reasoning about plan execution feasibility. The resulting method could potentially be
instantiated on Bench-NPIN tasks such as Area-Clearing and Box-Delivery.

5.1 Motivation

Non-prehensile interactive navigation (NPIN) tasks often involve complex, long-horizon
planning with intricate inter-step dependencies. In such scenarios, the robot must execute a
carefully coordinated sequence of interactions with the environment to complete tasks, such
as those seen in Box-Delivery (Chapter 4). These interactions can cause cascading changes
to the environment, compounding the difficulty of planning. Additional constraints, such
as limited mobility or task-specific motion restrictions, further increase the complexity.

An illustrative example is shown in Fig. 5.1, where a robot must transport a fragile blue
box to a designated goal area (green) without causing it to collide with other obstacles.
A naive strategy of pushing the blue box directly would result in collisions with boxes A,
B, and C. Instead, the robot must reason several steps ahead—planning to first move
the obstructing boxes before interacting with the blue one. The planning space for such
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a task quickly becomes large, growing exponentially with both the number of objects and
the length of the required action sequence.

One promising way to mitigate this complexity is through motion skill planning. Today,
many low-level motion controllers are well-established: for example, mobile robots can
reliably perform goal-directed movement using planners like A* or RRT, or execute simple
pushing behaviors via PID controllers or reinforcement learning. By assuming access to a
library of such low-level motion skills, the overall problem can be structured hierarchically,
where the planner first selects a high-level sequence of motion skills, and then composes
them to form a complete solution trajectory.

Task and Motion Planning (TAMP) frameworks [13, 26] address this hierarchical for-
mulation by jointly reasoning over discrete symbolic decisions and continuous motion tra-
jectories. However, classical TAMP approaches typically assume full knowledge of system
dynamics and object state representations, which limits their practicality in real-world
deployments. Moreover, most hierarchical planners—including TAMP—follow an auto-
regressive strategy: they generate plans sequentially, one step at a time. This leads to
compounding errors and large exploration spaces as the planning horizon grows or the
scene becomes increasingly cluttered.

Another fundamental challenge in long-horizon NPIN is uncertainty. As the robot
interacts with multiple objects over time, the future state of the environment becomes
more difficult to predict. Small modeling errors or execution disturbances can propagate
across the plan, leading to compounded deviations and even failures. This is particularly
problematic in densely cluttered environments, where interactions are highly coupled and
nonlinear. Consequently, effective NPIN planning requires not just long-horizon reasoning,
but also a mechanism to assess and anticipate uncertainty or potential failure points.

In this work, we address these challenges using the Generative Skill Chaining (GSC)
framework [58], which leverages diffusion models to generate entire sequences of motion
skills in a single shot. This one-shot generation approach improves planning scalability
by avoiding the step-by-step expansion from traditional auto-regressive approaches. To
enhance robustness, we further introduce a novel infeasibility prediction mechanism that
evaluates each intermediate step in a skill sequence based on out-of-distribution (OOD)
predictions. This OOD-based evaluation allows the planner to identify weak links in a
proposed plan, enabling it to reject infeasible trajectories or trigger early replanning when
necessary.

In summary, the key contribution of this work is an out-of-distribution-based in-
feasibility prediction approach that provides fine-grained feedback on the reliability of
each step within a generative skill plan. This allows the system to reason more effectively
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about uncertainty and feasibility in long-horizon, interaction-rich navigation tasks.

Figure 5.1: An illustration of long-horizon non-prehensile interactive navigation task -
Delicate Transport. The robot is required to push the blue box into the green goal area.
However, the blue box is a delicate object and cannot collide with any other objects. We
assume that the robot has a pushing bumper with protective design. The blue box is safe
to be pushed by the robot, but will be damaged by collisions with other objects in the
environment.

5.2 Related Work

Task and Motion Planning. The problem of composing sequences of actions to achieve
long-horizon goals has traditionally been addressed through Task and Motion Planning
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(TAMP) frameworks [60, 13, 26]. TAMP typically adopts a hierarchical structure, decom-
posing high-level tasks into symbolically meaningful subtasks that are then grounded into
continuous low-level motions. These frameworks integrate a symbolic task planner, which
searches over discrete, abstract states, and a set of low-level motion planners, which solve
for feasible trajectories in continuous state spaces.

When a candidate task sequence is found to be infeasible in the continuous domain
(e.g., due to motion constraints or collisions), this information is often propagated back
to the symbolic layer as additional constraints [13], prompting replanning. While effective
in theory, TAMP approaches rely heavily on accurate, fully-observable models of the envi-
ronment and robot dynamics, which are difficult to acquire or maintain in real-world and
partially observable settings. As a result, their scalability and applicability to complex, dy-
namic environments are limited [25]. These limitations have motivated the development of
learning-based alternatives that can better cope with uncertainty and partial observability.

Learning-based Models for Long-Horizon Planning. Learning-based approaches
have recently gained traction for skill composition and long-horizon planning [1, 18]. Many
of these methods adopt auto-regressive strategies, generating a sequence of skills or actions
one step at a time. However, auto-regressive models are prone to compounding errors and
suffer from large exploration spaces as the planning horizon increases or the task complexity
grows.

Recent work in diffusion models for planning offers a promising alternative [48, 9, 4].
These models generate full trajectories in a single shot by denoising from an initial noise
sample, effectively blurring the line between state prediction and planning. By learning the
distribution of successful trajectories, they provide a scalable and expressive mechanism
for long-horizon reasoning. However, since these models are typically trained via imitation
learning, their generalization is limited to the data distribution observed during training.
As such, they may struggle to handle novel or out-of-distribution scenarios.

The work most closely related to ours is Generative Skill Chaining (GSC) [58], which
learns skill-level diffusion models and composes them to generate long-horizon trajectories.
GSC enables flexible skill composition and has demonstrated strong performance in previ-
ously unseen task setups. However, a key limitation of GSC is its reliance on an external
high-level task planner to provide feasible skill sequences. This assumption restricts its
applicability in open-ended or unstructured domains where such a planner may not exist
or be reliable.
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5.3 Preliminaries

5.3.1 Diffusion Models

Diffusion models are a class of latent variable models that have demonstrated remarkable
success in generating high-quality samples from complex data distributions. A diffusion
model is a parametrized model pθ(x0) that estimates an unknown distribution q(x0) using
samples x0 ∼ q(x0). There are two fundamental processes:

1. Forward Process: Data from q(x0) is gradually perturbed by adding Gaussian
noise over a sequence of timesteps. This transforms the complex data distribution
into a simple, noised distribution qt(xt).

2. Reverse Process: A neural network is trained to iteratively remove the added
noise to recover the clean data. At each timestep, the network predicts the noise
that was added.

The reverse denoising process can be represented by a stochastic differential equation
(SDE) [37] as:

dx = −2σ̇tσt∇x log qt(xt)dt+
√
2σ̇tσtdwt

where ∇x log qt(xt) is referred to as the score function of the noised distribution qt, and
wt is a standard Wiener process. The score function allows the recovery of Minimum Mean
Square Error Estimator (MMSE) of the clean data x0 given xt [58]:

x̃0 = xt + σ2
t∇x log qt(xt)

The score function is estimated using a neural network ϵψ(xt, t) with parameters ψ,
which is the central quantity learned by the denoising model. In practice, the neural
network ϵψ(xt, t) is trained to predict the noise ϵ that was added to a clean sample x0 to
produce the noisy sample xt at timestep t. This is because the noise at step t is proportional
to the score of the noisy data distribution ∇xt log qt(xt). As such, the network is trained
using the MSE loss [9]

L =MSE(ϵt, ϵψ(x0 + ϵt, t))
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where ϵt is the noise added at step t. Once the model is trained, we iteratively perform
the reverse denoising process. A noised data xt is first sampled from pure noise qt. We
iteratively repeat T steps, where in each step the neural network ϵψ(xt, t) predicts the
added noise and we denoise the data accordingly. The clean sample x0 is obtained after T
iterative steps of denoising.

5.3.2 Motion Skill Formulation

Here we formally define the problem of skill planning following the Generative Skill Chain-
ing framework [58]. Let S denote the state space. We assume access to a library of motion
skills Π, where each skill π ∈ Π is treated as a black-box primitive to ensure generality and
modularity.

Each skill π is characterized by the three following components:

1. Precondition states Pre(π) ⊆ S is a set of possible starting states. The skill can
only be invoked when the robot is in a precondition state s ∈ Pre(π). For instance,
a push-object skill can only be invoked when the robot is within a close range to the
target object.

2. Skill parameters Θπ is the parameter space that dictates the behavior of the motion
skill. For instance, for an approach skill, a skill parameter θπ ∈ Θπ ⊆ R2 could be
the location of an object of interest to be approached.

3. Postcondition states Post(π) ⊆ S is the set of states the robot reach after a
successful execution of π.

By treating each motion skill as a black box, a motion skill π can be abstractly repre-
sented as a mapping

π : Pre(π)×Θπ → Post(π),

which encodes the transition dynamics of the skill as a state-parameter-state relation.

An illustrative example of defining a skill’s precondition, parameters, and postcondition
is presented in Fig. 5.2. Under such a setup, one can define a simple push-box skill as follows.

1. Preconditions: the robot must be within a close radius r around the target box

Pre(push-box ) = {(x, y)|
√

(x− xbox)2 + (y − ybox)2 ≤ r}

56



2. Skill parameters: the parameter space could be

Θpush-box = {(xbox, ybox, xgoal, ygoal)|(xbox, ybox) ∈ R2 and (xgoal, ygoal) ∈ R2}

where a valid parameter (xbox, ybox, xgoal, ygoal) ∈ Θpush-box could be the location of the
target box and the goal location.

3. Postconditions: the robot is within the goal region G, assuming the robot stays in
contact with the box

Post(push-box ) = {(x, y)|(x, y) ∈ G}

Figure 5.2: An illustration of defining a simple push-box skill. The blue box is the assumed
target box to be pushed, and the red dotted circle denotes a close vicinity of the target
box that the robot must reach before pushing. The green area is the goal.

5.3.3 Generative Skill Chaining

Building on the above formulation (Sec. 5.3.2), we define the skill chaining problem as
finding a feasible sequence of skill transitions that take the robot from an initial state to
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a goal state using a given skill sequence ΦK = {π1, π2, . . . , πK}. The goal is to find a valid
trajectory of interleaved states and parameters:

{s0, θπ1 , s1, θπ2 , . . . , sK−1, θπK , sK}, (5.1)

where s0 is the initial robot state, sK is a goal state. Further, for i ∈ {1, . . . , K − 1}, each
intermediate state si must satisfy the consistency condition:

si ∈ Post(πi) ∩ Pre(πi+1).

In other words, all intermediate states must lie in the postcondition of the previous skill,
and the precondition of the subsequent skill.

Traditional methods typically follow an auto-regressive approach – sequentially select-
ing one skill transition at a time. Under such methods, finding a valid solution often
requires searching a large planning space that expands exponentially and may lead to
compounding errors [58]. To address this problem, the Generative Skill Chaining (GSC)
method [58] aims to use chained diffusion models to directly sample the entire sequence,
improving scalability.

Recall that each skill π is characterized by its precondition s ∈ Pre(π), skill parameter
θπ ∈ Θπ, and postcondition s′ ∈ Post(π) (Sec. 5.3.2), which is its state-parameter-state
skill transition. For each skill π ∈ Π, a diffusion model learns the joint distribution of the
skill transition

qπ(s, θπ, s
′).

To learn such a joint distribution, we train a diffusion model score function

ϵπ(s
t, θtπ, s

′t, t),

where t is the diffusion timestep, and (st, θtπ, s
′t) is a noisy transition sampled during

diffusion process. Such a score function is trained using the observed skill transitions
s, θπ, s

′ ∼ qπ(s, θπ, s
′) from executing π during some data collection process.

Given a skill sequence ΦK , to generate a sample of the entire skill transition sequence
in Eq. 5.1, we model the full joint distribution:

qΦK
(s0, θπ1 , s1, θπ2 , . . . , sK−1, θπK , sK)

using a chained score function

ϵΦK
(st0, θ

t
π1
, st1, θ

t
π2
, . . . , stK−1, θ

t
πK
, stK , t).
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The GSC [58] showed that this chained score function can be obtained by composing the
individual skill diffusion models. In particular, given a skill sequence ΦK = {π1, π2, . . . , πK}
and the corresponding diffusion models {ϵπ1 , ϵπ2 , . . . , ϵπK}, the chained score function is

ϵΦK
(st0, θ

t
π1
, st1, θ

t
π2
, . . . , stK−1, θ

t
πK
, stK , t) =

ϵπ1(s
t
0, θ

t
π1
, st1, t) + ϵπ2(s

t
1, θ

t
π2
, st2, t) + . . .+ ϵπK (s

t
K−1, θ

t
πK
, stK , t)

− [γπ1ϵπ1(s
t
1, t) + (1− γπ1)ϵπ2(st1, t)]− [γπ2ϵπ2(s

t
2, t) + (1− γπ2)ϵπ3(st2, t)]− . . .

− [γπK−1
ϵπK−1

(stK−1, t) + (1− γπK−1
)ϵπK (s

t
K−1, t)],

(5.2)

where each γπi ∈ [0, 1] is a tunable parameter that balances the influence of πi and πi+1 on
the intermediate state si. Eq. 5.2 exhibits several nice properties:

1. No addition training required. The chained score function is simply a chained
sequence of calls to the trained neural networks. Once the individual skill diffusion
models are trained, any skill sequence can be composed at inference time without
additional training.

2. Parallelizability. Since the individual skill models are independent, inference can
be parallelized across the sequence, improving scalability.

Limitations and Motivation for Extension Despite its efficiency, GSC assumes that
a feasible skill sequence is known and valid, an assumption that limits its applicability in
many real-world settings. In practice, higher-level planners may suggest skill sequences
that are kinematically infeasible due to unforeseen motion constraints or environment dy-
namics [13]. GSC, as originally proposed, lacks a mechanism to detect or handle such
infeasibility.

Furthermore, when deploying GSC in long-horizon non-prehensile interactive navigation
tasks, the robot must reason not only about generating skill transitions efficiently, but also
about uncertainty and potential failures during execution.

To bridge this gap, we propose an extension to the GSC framework that integrates out-
of-distribution (OOD) based infeasibility prediction. Given a generated skill chain, our
approach estimates the likelihood of failure at each intermediate transition by detecting
OOD transitions. This potentially enables:

1. Identification of weak or unreliable portions of a plan.
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2. Replanning from potentially infeasible segments, rather than from scratch.

3. Reasoning about partial feasibility, which allows more flexible and robust execution.

This extension could potentially enhance the practicality of GSC in complex and cluttered
environments where skill-level failures are common and unavoidable.

5.4 OOD Based Infeasibility Predictions

Recall that we consider each motion skill π as a black-box transition model, characterized
by a joint distribution over its precondition, parameters, and postcondition as qπ(s, θπ, s

′).
Such a joint distribution captures the feasible transitions of π. An out-of-distribution
(OOD) data here refers to a transition that significantly differs from the distribution of
feasible transitions, and thus signals infeasibility. Specifically, if the sample (s, θπ, s

′) is
out-of-distribution from qπ, then (s, θπ, s

′) is unlikely a feasible transition for π. In other
words, executing π from state s with parameter θπ will unlike to result in a postcondition
state s′ and may lead to failure or undefined behaviors. Our approach builds on this
intuition by computing an OOD score for each transition along the generated sequence
{s0, θπ1 , s1, θπ2 , . . . , sK−1, θπK , sK}.

Instead of training new models, we leverage the diffusion models ϵπ that were already
trained to model the distribution qπ. Inspired by methods for OOD detection in generative
modeling [30], we measure reconstruction error as a proxy for infeasibility.

The overall approach is that given a generated transition sequence using GSC, we re-
inject T steps of i.i.d. noise into the sequence to perturbed the full sequence. We then
reconstruct each transition using individual skill diffusion, and compute the OOD score
(i.e. infeasibility measures) as the reconstruction error for each skill transition (s, θπ, s

′).
The overall intuition of this approach is that the diffusion models have already learned to
denoise in-distribution data accurately, so it’s expected to have a low reconstruction error
for noised inlier transitions (i.e. feasible transitions). Conversely, a noised skill transition
that exhibits a high reconstruction error is likely an OOD transition and infeasible.

Alg. 2 presents our algorithm that performs generative skill chaining with OOD predic-
tions. Specifically, our algorithm takes as inputs a given skill sequence ΦK = {π1, π2, . . . , πK}
from some higher-level skill planner, the corresponding set of diffusion models EK =
{ϵπ1 , ϵπ1 , . . . , ϵπK}, and a reconstruction step T .

A sequence of potentially feasible transitions {s0, θπ1 , s1, θπ2 , . . . , sK−1, θπK , sK} is first
computed using the Generative Skill Chaining technique [58], as outlined in Sec. 5.3.3 (Line
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1). The generated transition sequence is then iteratively perturbed by T steps of i.i.d. noise
(Line 2). An empty list is created to store the reconstruction error for each motion skill
transition (Line 3). The algorithm then loops through all perturbed skill transitions, and
for each perturbed transition, T steps of reverse denoising process is performed using the
corresponding skill diffusion model to reconstruct the skill transition (Lines 5 - 7). For each
skill transition, the reconstruction error is then individually computed for its precondition,
skill parameter, and postcondition (Line 8) and recorded (Line 9). In particular, δπisi−1

and
δπisi denotes the reconstruction error for the precondition state and postcondition state for
skill πi. Finally, the generated skill transitions along with its reconstruction error as OOD
scores are returned.

Algorithm Discussion: Note that for the sequence {s0, θπ1 , s1, θπ2 , . . . , sK−1, θπK , sK},
Alg. 2 does not compute OOD scores for each element along the sequence, but rather for
each individual skill transition. In other words, for i ∈ {1, . . . K − 1}, each intermediate
state si has two OOD scores: δπisi measures the feasibility of si as a postcondition for skill
πi, and δ

πi+1
si measures the feasibility of si as a precondition for skill πi+1. This allows for

more in-depth reasoning about the feasibility of the generated transitions, as illustrated in
Sec. 5.5.

For instance, it is possible that an intermediate states si exhibits a low OOD score as a
postcondition for skill πi, but a high OOD score as a precondition for subsequent skill πi+1.
This implies that the execution of πi and reaching state si is likely to succeed, but the
next skill πi+1 is unlikely to be successfully executed from si. Such predictions on partial
infeasibility enable selective replanning from πi+1 onward, rather than restarting the plan
from scratch.

Algorithm 2: Generative Skill Chaining with OOD Predictions

Input: ΦK = {π1, π2, . . . , πK}, EK = {ϵπ1 , ϵπ1 , . . . , ϵπK}, T
1 {s0, θπ1 , s1, θπ2 , . . . , sK−1, θπK , sK} ← GSC(ΦK , EK) // generate transitions [58]
2 {sT0 , θTπ1 , s

T
1 , θ

T
π2 , . . . , s

T
K−1, θ

T
πK

, sTK} ← Inject T steps of i.i.d. noise
3 reconst err[]← reconstruction error list
4 for i = 1, . . . ,K do
5 for t = T, . . . , 1 do
6 ϵ← ϵπi(s

t
i−1, θ

t
πi , s

t
i, t) // noise prediction

7 {st−1
i−1, θ

t−1
πi , st−1

i } ← Denoise({sti−1, θ
t
πi , s

t
i}, ϵ) // reconstruct skill transition

8 δπisi−1
, δπiθπi

, δπisi ← ||(si−1, θπi , si)− (s0i−1, θ
0
πi , s

0
i )|| // compute reconstruction error

9 reconst err.add(δπisi−1
, δπiθπi

, δπisi )

10 return {s0, θπ1 , s1, θπ2 , . . . , sK−1, θπK , sK}, reconst err
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5.5 Preliminary Studies

This section presents a preliminary studies on a toy example to demonstrate the effective-
ness of our proposed algorithm. Recall that we treat motion skills as black box functions
that map a precondition state and skill parameter pair to a postcondition state. To con-
struct a toy example, we define three motion skills, πa, πb, πc, as simple addition functions
as follows.

1. πa: addition function πa((x, y), (dx, dy)) = (x+ dx, y + dy)

(a) Precondition states: {(x, y)|x, y ∈ [0, 5]}
(b) Skill parameter {(dx, dy)|dx, dy ∈ [10, 15]}
(c) Postcondition states {(x′, y′)|x′, y′ ∈ [10, 20]}

2. πb: addition function πb((x, y), (dx, dy)) = (x+ dx, y + dy)

(a) Precondition states: {(x, y)|x, y ∈ [15, 20]}
(b) Skill parameter {(dx, dy)|dx, dy ∈ [10, 15]}
(c) Postcondition states {(x′, y′)|x′, y′ ∈ [25, 35]}

3. πc: subtraction function πc((x, y), (dx, dy)) = (x− dx, y − dy)

(a) Precondition states: {(x, y)|x ∈ [30, 35], y ∈ [20, 30]}
(b) Skill parameter {(dx, dy)|dx ∈ [0, 5], dy ∈ [15, 20]}
(c) Postcondition states {(x′, y′)|x′ ∈ [25, 35], y′ ∈ [0, 15]}

A visual illustration of the set of precondition states and the set of postcondition states
for the motion skills is presented in Fig. 5.3.

For each motion skill π ∈ {πa, πb, πc}, a diffusion model is trained using a synthetic
dataset s, θπ, s

′ ∼ qπ(s, θπ, s
′). Each data point (s, θπ, s

′) is generated by first randomly
sampling a precondition state s and a skill parameter θπ from their corresponding ranges.
Then postcondition state s′ is computed by either adding or subtract s with θπ, depending
on the motion skill defined. 500 entries are used to train each diffusion model denoiser.
The sampling results for each skill’s diffusion model can be visualized in Fig. 5.4.

As shown in Fig. 5.4, the sampled precondition states are generally mapped to the
sampled postcondition states by the sampled arrows. This indicates that the diffusion
models learned the underlying skill transition distribution reasonably well.
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Figure 5.3: A visual illustration of the precondition and postcondition states for motion
skills πa, πb, πc.
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Figure 5.4: A visualization of sampling results for diffusion models for each skill. The
sampled states (both precondition and postcondition states) are represented by dots, while
skill parameters are represented as arrows. 30 transitions are sampled for each diffusion
model.

We now apply Generative Skill Chaining [58] on the defined skills. From Fig. 5.4, note
that πa’s postcondition set overlaps with πb’s precondition set, and πb’s postcondition set
overlaps with πc’s precondition set. It follows that the skill sequence Φfeasible = {πa, πb, πc}
is clearly feasible. The skill composition results for sequence Φfeasible are visualized in
Fig. 5.5. Note that Fig. 5.5 and Fig. 5.4 together show that the GSC effectively steer
the intermediate states (green and purple dots) toward the overlap regions between two
subsequent skills. This reflects the constraint from Sec. 5.3.3 where all intermediate states
must lie in the postcondition of the previous skill and the precondition of the subsequent
skill.

We now construct an infeasible skill sequence as Φinfeasible = {πa, πb, πa}. More specifi-
cally, one can see that Φinfeasible is partially feasible that, it is feasible for executing πa and
πb (i.e. first two skills), but the execution of the third skill πa after the second skill πb
is infeasible. The generated GSC results of this infeasible skill sequence are visualized in
Fig. 5.6. The arrows from πb that do not point at any dots indicate that the generated
transition sequence is somewhat meaningless. This also reflects a limitation of the current
GSC framework [58] that the method will also always generate a chained sequence regard-
less of whether the generation is meaningful or feasible. This potentially raises reliability
issue for deploying the framework in real world without any additional method to check
for infeasibility.
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Figure 5.5: A visualization of 30 sampling results for applying Generative Skill Chain-
ing [58] on the feasible skill sequence Φfeasible = {πa, πb, πc}
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Figure 5.6: A visualization of 30 sampling results for applying Generative Skill Chain-
ing [58] on the infeasible skill sequence Φinfeasible = {πa, πb, πa}
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We now apply our OOD predictions outlined in Alg. 2 on both Φfeasible = {πa, πb, πc}
and Φinfeasible = {πa, πb, πa} to demonstrate its effectiveness in quantifying infeasibility. By
running the algorithm on both sequences, the outputs are visualized in Fig. 5.7.

Note that the OOD scores from our algorithm provides detailed information regarding
the skill transitions feasibility. For the feasible skill sequence Φfeasible = {πa, πb, πc}, our
algorithm consistently outputs low OOD scores for all skill transitions, indicating a high
likelihood of feasible transitions. For the infeasible skill sequence Φinfeasible = {πa, πb, πa}
(partially feasible), our algorithm first outputs low OOD scores up to θπ2 . This indicates
that the execution for skill π1 = πa is likely to be feasible. Moreover, it is feasible to
invoke π2 = πb after π1 = πa. However, the OOD scores increased drastically from s2
onward. This suggests that while it is feasible to invoke π2 = πb, π2 is unable to steer
its postcondition state to make the subsequent skill π3 = πa feasible to execute. In other
words, our OOD scores indicate that Φinfeasible = {πa, πb, πa} is partially feasible for the
first two skills, but becomes infeasible for executing the third skill, which conform with out
setup shown in Fig. 5.4.

The OOD scores from Fig. 5.7 indicate that our method not only capture infeasibility,
but also provides more detailed information regarding partial feasibility and specific regions
of infeasibility. This could potentially be useful for rejecting infeasible skill sequence, or
developing efficient replan strategies that leverage partial feasibility.

Figure 5.7: OOD scores computed using our Alg. 2 on the generated feasible sequences
from Fig. 5.5 for Φfeasible = {πa, πb, πc} and on the generated infeasible sequences from
Fig. 5.6 for Φinfeasible = {πa, πb, πa}
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5.6 Conclusion

This chapter introduced a preliminary framework for applying generative skill chaining to
long-horizon interactive navigation tasks. Building on recent advances in diffusion-based
trajectory generation, we modeled motion skills as learned transitions between precondi-
tions, skill parameters, and postconditions. We then formulated skill chaining as a genera-
tive sampling problem and introduced an out-of-distribution (OOD) estimation technique
for identifying infeasible skill transitions. Our preliminary studies demonstrated the ef-
fectiveness of using OOD detection to anticipate failure points in skill compositions and
highlighted the potential of this method for improving robustness in long-horizon planning
under uncertainty. As a forward-looking component of this thesis, this chapter serves to
bridge the foundational benchmarks and applied case studies with emerging generative
methods for complex planning problems.

Looking ahead, we aim to continue to improve and evaluate our method. This includes
collecting robotic-scale NPIN dataset to test whether the OOD prediction framework gen-
eralizes beyond the toy environments used in our initial study. We also aim to build a
full-stack skill planner that integrates high-level task planning with low-level skill com-
position. In particular, we seek to relax the assumption from [58] that a feasible skill
sequence is given in advance. Instead, our long-term goal is to develop a high-level task
planner that interfaces with the low-level skill generator and uses OOD feedback to replan
when infeasibility is detected.
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Chapter 6

Conclusion

This thesis investigates non-prehensile interactive navigation (NPIN), a class of robot nav-
igation problems where physical interaction with the environment is essential. While tradi-
tional navigation systems prioritize collision avoidance, NPIN accepts and leverages contact
to enable navigation in cluttered or constrained environments. Our work spans three key
contributions that reflect both foundational and forward-looking efforts in this domain.

First, we studied a real-world application of NPIN in autonomous surface vehicle (ASV)
navigation through ice-covered waters. We proposed a learning-based planning approach
that incorporates predicted obstacle motion into the planning loop. By combining deep
neural networks for occupancy prediction with a graph search planner, we demonstrated
improved navigation performance both in simulation and in physical testbeds, even under
high-density ice conditions.

Second, we broadened our scope and introduced Bench-NPIN, the first comprehen-
sive benchmarking suite for NPIN. This tool includes a variety of environments, ranging
from maze navigation to object clearing tasks, and offers evaluation metrics that explicitly
account for trade-offs between efficiency and interaction. Bench-NPIN aims to provide a
shared platform for researchers to compare algorithms, study generalization, and accelerate
progress in this emerging field.

Third, we presented a preliminary investigation into generative skill chaining for long-
horizon planning under uncertainty. Leveraging diffusion models, we showed how entire
sequences of low-level motion skill transitions can be sampled directly. Furthermore, we
proposed an out-of-distribution (OOD) prediction framework to identify infeasible skill
executions, enabling early failure detection and improving the reliability of planning.
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Together, these contributions form a cohesive effort toward enabling interactive navi-
gation in realistic, unstructured, and dynamic settings. While our benchmark and ASV
navigation study provide concrete tools and applications, the generative planning work
serves as an initial step toward more flexible and generalizable planning frameworks.

6.1 Discussions and Future Work

Non-prehensile interactive navigation remains a young field, and the three threads of this
thesis—the ship-ice case study, Bench-NPIN, and generative skill chaining—highlight both
its promise and its open problems. Below outlines the main challenges and practical
directions that can potentially move the community forward.

First, closing the sim-to-real gap is essential. Reproducing contact-rich behavior realis-
tically remains a challenge in today’s simulators. As seen in Chapter 3, while our trained
ice motion prediction model enhanced the planner’s performance, our training data is lim-
ited in simulation and does not consider environmental factors such as fluid dynamics
and winds, which play an important role in real-world ship planning. Progress will come
from building higher-fidelity and efficient 3-D simulators that include better contact and
hydrodynamic physics, or applying domain randomization techniques to expose learning
algorithms to realistic disturbances.

Second, robots must cope with a wider spectrum of interaction modalities than those
modeled so far. A household robot, for instance, may need to push box-shaped objects,
roll wheeled furniture, and slide or compress deformable items such as cloth toys; each
class of object obeys different contact dynamics, so extending Bench-NPIN to cover rigid,
articulated, rolling, and deformable obstacles will encourage algorithms that handle het-
erogeneous interactions rather than a single object type.

Third, uncertainty and partial observability are natural challenges for NPIN in clut-
terred environments. The experiments in this thesis assume an overhead camera with com-
plete visibility, but real robots must deal with occlusions, limited sensor range, and noisy
measurements. Informative path planning, active perception strategies that strategically
leverage sensors to reduce uncertainty, and robust policy-learning techniques that inject
sensor noise during training are potentially promising directions for open-world NPIN.

Future work should address these challenges, and an upgraded benchmark infrastructure
is already under construction: our ongoing efforts involve extending Bench-NPIN to a fully
3D MuJoCo simulator with modular robot libraries and multiple sensing modalities. We
also plan to extend the benchmark to include physical robot experiments, particularly in
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the Box-Delivery, Maze, and Area-Clearing tasks, to validate transferability and real-world
performance.

Foundation models are another tool worth exploring in future work. Understanding a
cluttered and unseen environment could be challenging for existing methods. Large vision-
language-action (VLA) models can inject semantic priors that help robots generalize to
novel layouts and propose high-level task decompositions for skill composition, a direction
that can potentially accelerate the generative skill chaining concepts from Chapter 5.

Finally, the long-term goal is lifelong learning. Rather than freezing a set of reactive
skills during deployment, future NPIN agents should refine contact models, expand their
skill libraries, and update their planners online—without costly retraining. Achieving
this ambition will require safe self-supervised exploration in contact-rich settings, efficient
online adaptation of learned dynamics and reward models, and new metrics that quantify
continual learning.

By pursuing these directions—better physics, richer objects, principled handling of
uncertainty, stronger benchmarks, semantic priors from foundation models, and lifelong
learning—the robotics community can transform NPIN from an intriguing research topic
into practical solutions for robots operating in the messy, human-centered spaces where
they are most needed.
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Bauer, Manuel Wüthrich, Markus Wulfmeier, Martin Riedmiller, Arthur Allshire,
et al. Real robot challenge 2022: Learning dexterous manipulation from offline data
in the real world. In NeurIPS 2022 Competition Track, pages 133–150. PMLR, 2023.
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