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Abstract

There is a growing demand for mobile robots to act not only as passive
observers but also to actively interact with their environment, especially
in cluttered and social settings. Meeting this demand requires navigation
systems that can both understand interaction-relevant properties of the
environment and make plans accordingly. This thesis presents a modular
approach to building such an interactive navigation system by addressing
the challenges in the perception and planning components.

For perception, we propose a spatio-temporal SLAM module that con-
structs and maintains a semantic, instance-level map in real-time. By
projecting 2D semantic features into 3D space and performing joint track-
ing and validation using both geometric and semantic cues from sensor
data, the system produces a detailed 3D semantic map. This map in-
cludes geometric and semantic object features and continuously updates
to reflect dynamic changes in the environment. Compared with baseline
methods, the instance-level segmentation average precision in the static
scene has improved by around 3x, and has the ability to model dynamic
objects. The resulting 4D (3D + time) semantic representation enables
the identification of candidate objects for interaction, along with their
relevant properties.

For planning, we introduce a real-time interactive planning module based
on an enhanced Directed Visibility Graph (DV-graph). This graph enables
fast global path planning and supports real-time interaction planning
that adapts to new sensory inputs. The planning framework is designed
to handle complex, unknown, or partially known environments, allowing
the robot to reason about and exploit the dynamics of objects to achieve
navigation objectives. The average search time was improved by more
than 100 times in large-scale environments, while maintaining the highest
success rate and path quality.

The complete interactive navigation system, including both perception
and planning modules, has been thoroughly validated through extensive
experiments in both simulation and real-world scenarios. All experiments
were conducted using onboard computation and in real time. Results
demonstrate that the proposed system outperforms previous approaches
that rely on offline processing and higher computational budgets. Fur-
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thermore, the system’s modular design makes it suitable for extension to
broader applications beyond interactive navigation, such as supporting
general-purpose interactions and mobile manipulation tasks.
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Chapter 1

Introduction

1.1 Motivation

In many real-world applications, mobile robots are expected not only to perceive
their environment but also to actively interact with it, particularly when operating in
cluttered or social settings. The ability to interact with the environment becomes
especially useful when navigation goals are not directly reachable or when attempting
interactions may significantly improve path efficiency. For example, in a home
environment cluttered with furniture, finding a collision-free path may be infeasible
without physically moving obstacles. In such cases, the robot must engage with
its surroundings, such as pushing objects, to create a navigable path. This class of
tasks, where purposeful physical interaction is integrated into navigation, is termed
interactive navigation.

Designing a robust interactive navigation system that can both track changes
in the environment and plan interactions in real time is a nontrivial task. Some
existing works attempt to solve the problem using end-to-end neural networks that
map observations directly to actions. However, these data-driven methods often fall
short in moderate or larger environments and struggle to generalize well to unseen
environments. In contrast, a modular design following the ”sense-plan-act” paradigm
provides several advantages: it decomposes the complex problem into manageable
subtasks and benefits from strong inductive biases, thereby reducing the need for

extensive data to reach satisfactory performance.
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This thesis focuses on designing and improving individual modules in a modularized

interactive navigation pipeline. Two primary challenges are addressed:

e Semantic Mapping: Building a dynamic, instance-level semantic representation
of the environment. This representation enables the robot to identify candidate
objects for interaction, track, and update object states based on motion or
new observations. FExisting semantic mapping methods often fail to support
instance-level reasoning in dynamic environments or track evolving object states

effectively.

¢ Interaction Planning: Developing efficient planning strategies in unknown
environments with many potential interaction targets. Traditional planners that
rely on dense environment representations are computationally expensive, with
complexity increasing exponentially as the number of objects grows. A scalable,
real-time planner that adapts to object properties and handles hundreds of

dynamic elements is essential for practical deployment.

These modules are designed with the goal of maximizing real system deployment.
They can run in real-time with onboard computing resources, without relying on
unrealistic information such as segmentation ground truth or terrain information.
In the meantime, each module is extensible to broader applications, such as mobile

manipulation and language-conditioned navigation.

1.2 Contributions and Document Outline

The primary contributions of the thesis are:

e A real-time, open-vocabulary, spatio-temporal semantic SLAM module that
maintains an instance-level semantic map. The system tracks object identities
over time and incorporates new observations to reflect dynamic changes in the

environment.

e An efficient real-time interaction planning module in large-scale unknown envi-
ronments that adapts online to object-specific physical properties. The search
time was improved by more than 100 times while maintaining the best quality
of the path.
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e A comprehensive framework for interactive navigation in complex, unknown, or

partially known environments.

The structure of the thesis is as follows. In Chapter 2, we address the challenges
in instance-level semantic mapping for dynamic environments. In Chapter 3, we
address the challenges in efficient topological planning for interactive navigation and
present interactive navigation system evaluations. In Chapter 4, we summarize the

completed work and discuss future directions



1. Introduction



Chapter 2

Semantic Mapping

2.1 Introduction

As robots navigate dynamic, real-world social environments, they should not only
recognize the objects around them but also track where these objects were in the
past. Crucially, this process should operate in real time with efficient memory use, as
most robots are equipped with limited computational resources and have to process
sensor information on the fly.

Existing semantic SLAM methods enable robots to build semantically annotated
geometric maps in real time, but they have several limitations. Most approaches [19,
37] build closed-vocabulary, class-level mapping instead of open-vocabulary, instance-
level mapping, limiting their ability to identify and track individual objects over time.
Also, challenges such as occlusions, lighting changes, and missed detections further
hinder robust instance-level semantic mapping in real-world scenarios. Additionally,
many systems [6, 30, 40, 50] focus on short-term dynamics (e.g., moving people) while
neglecting long-term changes such as furniture relocation that happens out of the
robot’s view. Even advanced methods like Khronos [38] lack open-vocabulary and
instance-level capabilities.

Recent scene graph approaches [13, 24, 32, 46| incorporate open-vocabulary
detectors [35] to support natural language navigation, but they are time-consuming
(minutes to hours) and not suitable for real-time mapping. Moreover, they struggle to

capture dynamic relationships between objects, limiting their ability to model scene
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evolution.

In summary, existing approaches predominantly address either dynamic change
detection (e.g., identifying moving humans or vehicles) or static object recognition
(e.g., identifying objects and their relationships). However, few methods tackle both
challenges simultaneously—understanding which objects change and how they evolve
spatially and temporally. Addressing this dual challenge is crucial for robots to

effectively perceive and adapt to dynamic real-world environments.

To meet this challenge, we introduce SuperMap: an open-source scene repre-
sentation framework that constructs open-vocabulary 4D scene graphs. SuperMap
not only captures the spatial layout of the environment but also encodes semantic
understanding while tracking temporal changes, enabling real-time interaction and

reasoning. Our contributions are as follows:

¢ Real-Time, Open-Vocabulary, Spatio-Temporal Semantic SLAM: We
introduce the first real-time, open-vocabulary, 4D instance-level semantic SLAM
system. SuperMap enables robots to perform ego-motion estimation while
simultaneously tracking the evolution of surrounding objects, significantly

enhancing their ability to understand dynamic environments.

¢ Spatio-Temporal Object Updates: We propose a unified framework that
integrates real-time 2D-3D object tracking, validation, and change detection.
Our approach effectively handles occlusions, partial views, open-vocabulary
shifts, and dynamic changes, ensuring the 3D scene graph remains accurate and

up-to-date with current instances and spatial relationships.

e Spatio-Temporal Reasoning: Our 4D scene graph seamlessly incorporates
spatial and temporal information for each object, equipping robots with instance-
level spatio-temporal reasoning capabilities (e.g., locating moved objects, recall-

ing past scenes).

¢ Open-Source Framework: To foster advancements in robotic perception, we

release the complete codebase, datasets, and benchmarks.
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Table 2.1: Capability Checklist for Semantic Mapping and Semantic SLAM Methods.
v indicates support, Xindicates limited or no support

Capability ‘ Semantic Mapping ‘ Semantic SLAM
‘ HOV-SG[46] ConceptGraphs[13] RayFronts[l] OpenScene[28] OpenMask3D[44] SeeGround[21] ‘ Kimera[37] OVO-SLAM][25] Khronos[38] SuperMap (Ours)

Real-Time X X v X X X v v X v
Open-Vocabulary v v v v v v X v X v
Instance-Level v v X X X X X v X v
Short-Term X X X X X X X X v v
Long-Term X X X X X X X X v v
Scene Graph v v X X X X v X X v

2.2 Related Works

Semantic Mapping FEquipping mobile robots with the ability to perceive and
understand their surroundings is crucial for real-world applications. To this end,
researchers have developed semantic maps to capture environmental meaning and
context [34]. However, many recent methods [13, 28] rely on offline processing,
requiring pre-collected environmental data (images and depth) to build semantically
labeled maps shown in 2.1.

For example, OpenScene [28] uses OpenSeg [51] to extract CLIP embeddings [31]
from images and then trains a scene-specific 3D model, but it operates offline,
requiring a full scene scan. OpenMask3D [44] back-projects 2D object masks from
multiple views to form 3D segments, while SeeGround [21] combines 2D-VLM with
3D geometric cues for instance segmentation. Despite improving 3D accuracy, these
methods assume complete scene data, limiting online usability.

LERF [18] and LangSplat [29] employ radiance fields to build 3D maps with
CLIP-based features, offering flexible semantic queries but lacking real-time capability
due to computational demands. RayFronts [1] enables online semantic mapping
for outdoor environments but struggles with change detection and fails to achieve

instance-level 3D semantics.

Semantic SLAM To jointly estimate poses within the pipeline, we transform
the mapping pipeline into a SLAM pipeline. In recent years, numerous SLAM
systems have integrated semantic information during the mapping process. One
notable example is Kimera [37], which offers a real-time semantic mapping solution by
building a 3D scene graph. However, it relies on closed-set CNN segmentation, which
limits its ability to generalize to novel classes. LiDAR-based SLAM approaches, such
as SuMa++ [5] and LIOM [55], incorporate CNN-based per-point labels into LiDAR

7



2. Semantic Mapping

maps. Despite their effectiveness, these methods do not support open-vocabulary
segmentation, restricting their adaptability to diverse environments. SlideSLAM [22]
and OVO-SLAM [25] employ open-vocabulary detectors for instance segmentation,
allowing for more flexible scene understanding. However, these methods face challenges

when dealing with long-term and short-term dynamic objects.

Open-Vocabulary Scene Graph HOV-SG [46], ConceptGraphs [13] and CLIO
[24] segment and label objects from a full point cloud using SAM and CLIP, organizing
them into a hierarchical graph with open-ended labels from CLIP. However, HOV-
SG and ConceptGraphs require offline 3D reconstruction before applying SAM and
CLIP, making it unsuitable for online SLAM or real-time dynamic tasks. CLIO
implements real-time open vocabulary scene graph generation but lacks spatio-

temporal capabilities.

Spatio-Temporal Semantic SLAM Recently, Khronos [38] addresses both short-
term and long-term dynamics in map representation. However, this method is limited
to closed-set objects and lacks the capability for instance-level tracking. Additionally,
Khronos struggles to operate in real time, making it difficult for robotics operations.
In contrast, to the best of our knowledge, our proposed method is the first real-time,
spatio-temporal, open-vocabulary, and instance-level object mapping framework that

effectively handles both short-term and long-term dynamic objects.

2.3 Spatio-Temporal SLAM Problem

The spatio-temporal SLAM problem aims to provide an explicit scene representa-
tion that captures how object-level changes evolve across space and time through
incremental data acquisition. We model the scene as a composition of objects,
represented as a scene graph where nodes correspond to objects and edges denote
spatio-temporal relationships. In our setting, we process either RGB-D video sequence
or a point cloud video sequence including RGB image frames C' = {Cy, (s, ..., C;},
depth image frames D = {Dy, Dy, ..., D;}, and camera poses P = {Py, P,, ..., P;}
(where t is the timestamp index). It generates a consistent global map M; consisting

of semantic instance-level objects O, = {O}}  (where j is the object index).

8
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Spatio-temporal Scene Graph

Online 3D Reconstruction Spatio-temporal Objects Updates

l,instance proposal In instance proposal i I, instance Relation | ,instance Relation

chairis chair - 1Y ‘g\* oo
= isappeared!! Ry - g -
e d - 8w | ] | Ay
F £ : ] § s
: Object Query
2D~ 3D H | Spatial Relation
O D [
Validation ; g CLIP_embedding wnatare the nextto (3)

cpT )
“metadata”: { viM Temporal Relation
class':label Where was my Mac ®

‘spatial relations’ yesterday?

oo Your Mac was o the purpe
ot .1 © e oom Avesteria

1,3D Model

Dense 3D Model Instance-level Object Mapping Abstract 4D Scene Graph

Figure 2.1: Overview. The system provides accurate state estimation and rich
map representation, ranging from concrete to abstract. It has three modules: an
online 3D reconstruction module is based on a LIDAR SLAM system to achieve state
estimation and a dense 3D model. Then, the state and 3D model are utilized to
detect the short-term and long-term changes in object to achieve instance-level object
mapping. Then, the object-level mapping is represented as an abstract 4D scene
graph to capture both spatial and temporal relationships between objects.

The spatio-temporal mapping problem is defined as follows: given the current
frame observation Q; = {m!, D;, P,;} and the existing map M;_; = {O;_,}, determine
instance ID I; and the updated 3D map M; : P(I;, My | M;_1,Q;). Applying the

chain rule, we derive the problem as:

P(Iy, My | My_1,Qy) = f(It | Mt—th)l \P(Mt | Mt—l:QtaItZ (2.1)

spatio-temporal object instance association online map updates

This involves two tasks: spatio-temporal object instance association and the online

map update [7].
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2.4 Method

The architecture of our spatio-temporal SLAM system, SuperMap, is depicted in
Fig. 2.1. Given a sequence of depth measurements, IMU data, and RGB images,
SuperMap performs instance-level object mapping while evolving its spatial represen-
tation using onboard computing. We provide a detailed explanation of the following
components: (1) Online 3D Reconstruction for generating dense spatial representa-
tions, (2) Spatio-Temporal Object Updates to adapt to changing environments, and

(3) Spatio-Temporal Scene Graph construction for reasoning and decision making.

2.4.1 Online 3D Reconstruction

To reconstruct the object-level map, we utilize SuperOdometry [56] to obtain a
colorized dense 3D model and the current robot state estimation using image and
LiDAR sensors. These estimated states and 3D models serve as crucial priors for
semantic instance tracking, association, and change detection. Due to the limits of

space, the details can be found in the supplementary.

2.4.2 Spatio-Temporal Objects Updates

The primary objective of this work is to detect and track how instance-level objects
change across space and time. In this section, we address two key questions introduced

in Section 2.3:

e How to achieve spatio-temporal object instance association while handling

occlusions, partial observations, and semantic label shift?

* How to update the map to accommodate both short-term and long-term dynamic

changes?

Spatio-Temporal Instance Association

Object Tracking in Image Space: Let B(t) be the set of bounding boxes at
time ¢, where each bounding box b;(t) corresponds to a detected object. Tracking is
performed using ByteTrack [54], which maintains a 2D tracklet state T;(t) for each

object 7. The state are defined as:

10
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Ti(t) = [2:(t), y:(8), wilt), hi(t), va(2), 0y (1)] (2:2)

Here, [x;,y;| represents the position, [w;, h;] represents the bounding box dimen-

sions, and [v,, v,] represents the velocity components.

Motion Prediction with Kalman Filter: The motion prediction model for each

tracked object i is based on a Kalman filter:

~

Tt +1) = FT.(1) + Q (2.3)

where F is the state transition matrix, and Q is the process noise.

3D-aware Instance Tracking: To enhance the tracking robustness, we integrate
the 3D map information. Let M(¢) be the 3D map representation. We check the
observability of each tracker by projecting the 3D object position onto the image
plane: [z}, 4] = P - M,. Here, P is the camera projection matrix, and M; represents
the 3D coordinates of the object.

We then perform a hungarian matching between all the compensated tracklet
bounding boxes and the current bounding box inferences. The tracked results are
merged into map according to its tracking instance id. Otherwise, the motion

compensation is calculated as:
AT; = R(t)T;(t) + t(t) (2.4)

Where R(t) and t(¢) are the rotation and translation matrices derived from the
camera motion. The motion of the compensated location is then predicted one step

using the formula in 2.3.

Online Map Updates

Given a spatial map M; at time ¢, we aim to update this map to accommodate both
short-term (dynamic) and long-term changes observed through new sensor data. The

map at time ¢ can be represented as a set of spatial states:

11
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M, = {(zi,5:) | 2 € R, s5; € S} (2.5)

Where z;: Position of the i-th point in the map. s;: State of the point, including
semantic label and occupancy probability. S: State space (e.g., occupancy, semantic

label, dynamic/static state).

Geometric Consistency Check: Let the observed depth be a random variable
D(z;) with an associated probability distribution P(D(z;)). The object depth is
modeled as a random variable Dopject(;). To determine geometric consistency, we
define the difference:

Ad = E(Dpject(x;) — D(x;)) (2.6)
Define € > 0 as the uncertainty of depth measurement. The updated state decision
is given by:
observable, |Ad| < e
s; = 4 occluded (reduced occupancy), Ad < —e (2.7)
unobservable (ignore), Ad > ¢

For observable objects, their observable points are projected onto the image plane:
[z}, yl] = P - My, and used to activate tracklets that are lost. For points that are
observable but not detected anymore, the probability of their belonging to the object
is reduced.

In summary, the geometric consistency check effectively removes historical points
associated with long-term object changes. Short-term object changes are managed
through 3D-aware instance tracking, while projection errors arising from modeling

short-term dynamic object changes are addressed by reprojection.

2.4.3 Spatio-Temporal Scene Graph

Scene Graph Generation Our instance-level mapping produces a series of time-
indexed object-level maps {M;, M,,...}. To facilitate downstream reasoning, we

transform the time-indexed object-level maps into a 4D spatio-temporal scene graph.

12
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Scene graph G captures object states and relations:
G = (V,Es, Er) (2.8)

Where:
e IV : Nodes representing object instances at specific timestamps.

e Fg : Spatial edges between objects in the same frame.

e Fr : Temporal edges linking the same object across frames.

For real-time operation, we first cluster objects based on their centroid distances
and then add a spatial edge when an object pair satisfies class-dependent geometric
predicates (e.g., on, beside, under). The temporal edges trace an object’s trajectory
from our object association result, preserving its identity throughout the sequence.
The resulting graph compactly captures both instantaneous layout and long-term
dynamics, providing an abstract representation of the scene that is easy to reason
on. Full construction details and the complete list of spatial predicates appear in the

supplementary material.

Spatio-Temporal Reasoning: Our 4D scene graph enhances the ability of Vision-
Language Models (VLMs) to perform robust spatio-temporal reasoning over scenes.
To achieve this, we optimize VLM interfacing through prompt engineering with two
primary objectives: (1) to maximize the use of spatial and temporal information from
the scene graph, and (2) to maintain the usability of VLM responses while preserving
the model’s reasoning capabilities.

To facilitate effective scene graph utilization, we prepend each task question with
a brief description of the scene graph structure. Additionally, we embed spatial
and/or temporal cues within the question itself to encourage VLMs to reference
spatial relationships and temporal states during reasoning.

To balance flexibility in reasoning with practical output, we append each query with
clear instructions: while VLMs may include their thought process in the response,
they must provide the final answer as one or more object IDs enclosed within
janswer/j/answer; tags. A lightweight parser then extracts these IDs from the
response, ensuring that the output is both grounded in spatio-temporal context and

readily usable for downstream tasks.
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2.5 Experiments

2.5.1 Experiment Settings

We evaluate SuperMap on a mecanum wheel robot equipped with a Livox Mid-360
LiDAR and a panoramic camera without hardware time syncronization. All the
experiments on the robot run onboard in real time on an Intel i9-14900H CPU and
an RTX 4090 laptop GPU.

We aim to address the following research questions through our experiments:

¢ Quantitative Results for Semantic and Instance Segmentation: How
does the semantic mapping class-level and instance-level segmentation perfor-

mance compare to state-of-the-art incremental semantic mapping approaches
on the ScanNet benchmark (Sec. 2.5.2)7

¢ Spatio-Temporal Object Update: Over long horizon, real-world scenarios,
how well does the 4D instance-level mapping updates dynamically moved
objects and preserves the static object identities and spatial relations across
time (Sec. 2.5.3)7

¢ Spatio-Temporal Reasoning with the 4D Scene Graph: To what ex-
tent does the 4D scene graph improve downstream reasoning about dynamic

environments (Sect. 2.5.4)?

¢ Real-time Visual-language Navigation: Can the full pipeline support
zero-shot, language-guided navigation with only onboard compute for map-

ping(Sec. 2.5.5)7?

These questions guide our evaluation, demonstrating the practical effectiveness

and robustness of our proposed method in diverse scenarios.

2.5.2 Quantitative Results for Semantic and Instance

Segmentation on Static Scene

Class-level Segmentation: Tab. 2.2 presents a comparison of class-level segmen-
tation precision between our method and other open-vocabulary approaches. Our

method achieves an accuracy of 55.48%, only 1.32% lower than the state-of-the-art
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Table 2.2: Offline 3D Semantic Segmentation Benchmarking on ScanNet.
Best results are highlighted as first and second .

Method ‘ Mapping Approach ‘ Without Background ‘ With Background

‘ ‘ mloU (%) fmloU (%) Acc (%) ‘ mloU (%) fmloU (%) Acc (%)
ConceptFusion [17] 21.76 26.71 34.10 18.57 23.06 28.77
NACLIP-3D [14] int-feature 22.32 24.32 33.46 22.32 24.32 33.46
Trident-3D [39] potni-ieature 29.97 37.62 51.06 24.80 27.77 38.43
RayFronts [1] 41.29 46.42 56.76 32.29 39.04 49.15
ConceptGraphs [13] 21.62 24.32 31.05 20.83 23.61 35.80
HOV-SG [46] obiect-level 26.79 36.05 35.17 23.48 28.92 38.52
SuperMap (Ours) ) 27.42 43.50 55.48 22.61 29.10 33.00

Table 2.3: 3D Instance Segmentation Scores on ScanNet. Best results are
highlighted as first and second .

Method ‘ Chair ‘ ‘Window ‘ Refrigerator ‘ Sofa ‘ Door

‘ mAP5y mAPys | mAP5y mAP; | mAPsg mAPs; | mAPsyg mAPos | mAPsg mAPos
HOV-SG [46] 4.58 4.73 0.00 0.00 0.00 0.00 | 30.00 31.25 | 9.70  10.40
ConceptGraphs [13] | 0.00 2.33 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SuperMap (Ours) 63.76 74.72 42.20 67.92 62.50 62.50 | 33.35 83.35 | 10.00 25.00

point feature fusion-based mapping method RayFronts [1]. Our method also sig-
nificantly outperforms ConceptFusion [17] and ConceptGraphs [13], demonstrating

its effectiveness in open-vocabulary segmentation among works on object-centric

mapping.

Instance-level Segmentation: Unlike offline methods that rely on complete scene
data for prediction, our approach focuses on real-time robotic applications, where
incremental data fusion and zero-shot adaptability are essential. Incremental
prediction poses a greater challenge as it must operate on partial information from
the current scan and image while addressing fusion problems. Tab. 2.3 presents a
comparison between our approach, HOV-SG [46], and ConceptGraphs [13], all of
which support incremental 3D semantic instance prediction.

The results show that our method significantly outperforms both HOV-SG [46]
and ConceptGraphs [13], especially for smaller objects that fit within a single camera
frame. This highlights the advantage of fusing and tracking full object detections
over relying on individual point features or over-segmented instances in instance-level
mapping tasks. However, for larger objects like tables where successful tracking
requires fusing detections across multiple non-consecutive frames, our method is less

effective. Detailed results and further discussion are provided in the appendix.
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Computation Resources: To verify real-time performance, we measured memory
usage and time per frame (TPF) on ScanNet sequences. SuperMap averages around
0.20 s per frame, supporting on-board operation, whereas HOV-SG [46] and Concept-
Graphs [13] need 7-8 s per frame. Comprehensive runtime and memory profiles are

provided in the supplementary material.

2.5.3 Spatio-Temporal Object Updates

Our mapping system detects long-term scene changes while preserving the integrity
of the object-centric map over extended durations, maintaining both the geometric
shape and the unique instance ID of each persistent object. In this experiment, the
robot navigated a 30 m x 20 m indoor environment for approximately 10 minutes,
building its map online. After the robot initially traversed certain areas, three objects
(a chair, a plant, and a cart) were manually removed, and three new objects (two
trash cans and a safety sign) were added.

Fig. 2.2 summarizes the results. The top row illustrates objects that were
removed, and the bottom row shows newly added ones. When the robot revisited the
modified areas, the dynamic object update module correctly identified the changes: the
disappeared objects were removed from the dense reconstruction, the object-centric
map, and the scene graph without affecting the identifier of the surrounding objects.
Newly added objects were inserted with the correct geometric shape. Throughout
the 10-minute trajectory, the identifiers of all unaffected static objects remained
consistent, confirming that our spatio-temporal object update module keeps the

consistency of the map.

2.5.4 Reasoning with Spatio-Temporal 4D Scene Graph

Our 4D scene graph integrates spatial and temporal relationships, enabling robust
reasoning and accurate instance-level object retrieval. We evaluate this using the
Google Gemini 2.0 flash multimodal model [45] for object retrieval based on natural
language instructions. All inferences are run with Gemini’s default generation configu-
ration. For spatial reasoning, Gemini positions itself at a specified location to identify
an object. For temporal reasoning, it infers an object’s past state or trajectory from

current status. We compare Gemini reasoning performance using two inputs:
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Figure 2.2: Spatio-temporal object update experiment. For each scene we show,
from left to right, the 2-D detections, the dense 3-D reconstruction, and the object-
centric map before and after the change. The top row illustrates the disappearance
of a chair, a plant, and a cart, and the bottom row captures the appearance of two
trash cans and a safety sign.

¢ Scene Graph Input: Gemini directly leverages spatial and temporal relations,

yielding accurate responses.

¢ Video Input: Gemini processes raw frames, often leading to hallucination,

object confusion, and misidentification as video length increases.

Prompt 1 in Fig. 2.3 compares spatial reasoning results. We prompt Gemini
to position itself at the "cone” and choose the ”extinguisher” to use if a nearby
"plant” is on fire. With scene graph input, the Gemini accurately interprets object
classes, retrieves spatial relations, calculates distances, and identifies the correct
object ID. In contrast, video input often leads to confusion between similar objects
and misinterpretation of spatial relationships across frames.

Fig. 2.3 prompt 2 compares temporal reasoning results. We prompt Gemini to
trace the past trajectory of a "bag” to locate a dropped item after it was carried
around. With scene graph input, the Gemini accurately interprets object classes,
retrieves spatial and dynamic histories, filters irrelevant records, and returns relevant
object IDs and timestamps. In contrast, video input responses often rely on common
sense reasoning rather than leveraging spatial and dynamic details, leading to less
precise answers. Additionally, video processing takes longer due to the computational

cost of encoding high-dimensional visual data [12].
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Figure 2.3: Comparison of reasoning results with video input and scene
graph input. Scene graph input facilitates accurate spatial understanding, flexible
temporal understanding, and instance level object retrieval.
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Figure 2.4: Real-time visual language navigation experiments using our
scene graph. Our system enables realtime instance-level query and navigation.

2.5.5 Real-time Visual-Language Navigation

Visual-language navigation (VLN) challenges agents to follow natural language
instructions in complex environments. Most prior work relies on coarse scene rep-
resentations, limiting reasoning about object identities and spatial relations. We
bridge this gap by coupling a language foundation model with our real-time 4D
object-level scene graph. The robot begins in an unfamiliar indoor space, explores it,
and incrementally constructs an instance-level semantic map. When a user issues an
instruction, e.g., “Go to the screen next to the left-most whiteboard”, the language
model grounds the referents in the scene graph, resolves any ambiguities, and outputs

the goal’s 3D coordinates. The navigation stack then plans a path and drives the
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robot to the correct location.

Fig. 2.4 illustrates the workflow. In the first task (Fig. 2.4 left), even in a room
containing four visually similar whiteboards, the robot correctly identifies the target
whiteboard and reaches the specified screen. In the second task (Fig. 2.4 right), the
robot again successfully identifies and navigates to the specified painting among three
similar paintings and arrives at the fridge. These experiments show that our system

is memory-efficient enough to support realtime instance-level query.

2.6 Conclusion

This chapter presents SuperMap, a real-time, open-vocabulary SLAM system that
builds and maintains an instance-level 4D semantic map. By combining geometric
cues from SLAM with semantic cues from 2D foundation models, SuperMap performs
joint 2D / 3D object tracking, validation, and change detection on the fly. This
unified pipeline keeps the map consistent across both space and time, even in the
presence of occlusion, partial views, category shifts, or dynamic object motions. The
resulting spatio-temporal scene graph gives robots an explicit, continually updated
model of their surroundings, enabling long-horizon memory, rich spatial-temporal

reasoning, and language-guided navigation.
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Chapter 3

Interaction Planning

3.1 Introduction

Interactive navigation is about robots moving autonomously through their environ-
ment dynamically and adaptively, and solutions require a level of intelligence and
adaptability that allows the robots to make decisions and adjust their course based
on feedback from their surroundings. This paper proposes a solution for interactive
navigation in cluttered, unknown environments, focusing on fast and attemptable
navigation with environmental interactions. The problem remains challenging as
it needs to consider multiple sub-tasks simultaneously, which include: 1) Dynami-
cally updating the environment representation with new sensor data. 2) Executing
global path planning to avoid local minima, which also requires considering environ-
mental interactions during the path search. 3) Strategizing interaction planning to
manipulate objects. In cases where the environment is large-scale with numerous
movable obstacles, the problem’s computational complexity increases significantly.
Consequently, ensuring the entire system operates in real-time becomes a challenge.

Our work proposes a real-time framework in which mapping, path planning, and
manipulation are tightly coupled. Two key ideas achieve this.

The first idea is a hybrid sparse map representation called a Directed Visibility
Graph (DV-graph). This graph’s edges represent roads and the traversability between
the connected vertices. Some of the edges also encode strategies for manipulating

movable obstacles away from the path. DV-graph is updated hierarchically at each
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figs/Planning/Cover.pdf

Figure 3.1: Illustration of the interactive navigation through an unknown environment.
The colorful curve is the vehicle’s trajectory. The obstacles are extracted as red polygons,
and the movable objects (orange pixels) are registered as green polygons. The cyan dots
represent topological waypoints. The Directed Visibility Graph is marked with cyan and
yellow lines. (a) Overview. (b-c) The robot can manipulate the movable obstacles during
the navigation and can switch the contact points during manipulation. (d) Object () is

heavy, the robot attempts to move it, update its affordance, and replan an alternative
strategy to execute.
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data frame. It consists of two layers. The local layer converts the sensor data into a
polygon map, on which interaction planning for each movable obstacle is performed.
The prospective strategies are encoded into visibility edges and connected between
polygons to form the DV-graph. The global layer is a larger DV-graph that is merged
and updated with the local layer at each frame. The hierarchical and incremental graph
construction framework ensures real-time performance during navigation. Because
of the sparse nature of the DV-Graph and its embedded interaction strategies, the
global path search can achieve low latency (within 10ms) while also considering
environmental interactions. This framework also supports manipulation actions such
as push, pull, and pick-up. These can be encoded into the same map representation

as a multi-level DV-graph for rapid global path search.

The second key idea is adaptive interaction planning via dynamic path search.
Given a local region that is divided into multiple components by a movable obstacle,
as shown in Fig. 3.3, the planner needs to generate a series of manipulation strategies
that re-connect any two dis-connected components so that the robot can clear the
movable obstacle from its path and continue the navigation. During the manipulation,
the robot infers the obstacle’s physical properties through tactile sensing, adaptively
adjusts its strategy based on the newly estimated properties, and stores the new

strategy in the DV-graph for later purposes.

The proposed system is validated in complex environments of different scales and
with movable obstacles. Extensive experiments show that our system is faster than
most benchmarks by orders of magnitude while maintaining up to 49% higher path

efficiency.

The main contributions can be summarized as:

¢ An efficient real-time interaction planning method with online adaptation ability

for real-world object physics.
e A hybrid map representation that encodes the interaction strategies.

e A complete system for interactive navigation in unknown or partially known

environments.
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3.2 Related Work

Navigation in Unknown Environments

Navigation in unknown environments has been studied and applied in many field
applications, such as for exploration[3], inspection [11], and swarm formation [57].
However, these works regard all obstacles as static and fixed, which limits the robot’s

ability to move in cluttered environments.

Navigation Among Movable Obstacles

While works on manipulation and navigation for manipulation are prolific, there is
less attention on using manipulation for better navigation, i.e., the robot reasons a
sequence of manipulation actions to change the pose of movable objects on the map
to reach the goal, which isn’t accessible or costly to reach without manipulating them.
Wilflong[47] proved that navigation among movable objects (NAMO) is NP-hard.
Stilman et al.[41, 42] derived optimal solutions for 2D geometric planning for a subset
of NAMO problems called LP1 with complete knowledge of the environment and
objects. Levihn et al. [20] proposed a locally optimal algorithm for LP1 NAMO
problems in partially known environments, and Muguira-Iturral et al. [27] takes
visibility into account in NAMO problem. However, solving a local NAMO problem
that is moderately difficult in [41], it takes around one second due to the large search
space of manipulations in a long horizon with a dense grid map. In addition, the
manipulation actions have been restricted to pushing or pulling at a fixed contact
point and direction, and the observation of the shape and state of objects is assumed

to be perfect.

Interactive Navigation

There’s a recent trend for mapping visual input to agent’s actions using reinforcement
learning. Xia et al. [48] proposed a simulation environment for interactive robotic
tasks. They compared different reinforcement learning algorithms to solve interactive
navigation problems, where the robot can push the objects to shorten the path to

the goal. However, the agent relies on a precomputed shortest path to operate,
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Figure 3.2: A diagram of our system architecture.

which requires accurate knowledge of the map. An end-to-end visual interaction
navigation framework is proposed in [53]. The manipulation setting is simplified to a
few predefined actions, and the robot only needs to move one object to reach a goal
in its view.

This work focuses on a real-time systematic, interactive navigation framework.
The introduced hybrid and sparse DV-graph facilitates rapid planning in large-scale,
unknown environments. The adaptive interaction planning mechanism endows our
system with the capability for online adaptation to the physics of movable obstacles

during manipulation.

3.3 Problem Definition

Our problem is divided into two sub-problems: interactive motion planning and
adaptive manipulation.

For the interactive motion planning problem, define @ C R? as the workspace for
the robot to navigate. Let S C @) be the perceived sensor data. Here, § is classified as
the object-level point clouds, which contains the points of movable objects S, C S
and points of the background obstacles Syy = S\Spmop. We proposed a directed
visibility graph (DV-graph) denoted as G = (V,II), from S, where v; € V represents
one vertex and (vp, vq) € II means an ordered vertex pair in G. The problem can be

expressed as:

Problem 1 Given the robot position Proper € @ and goal point pgea € @, find
the most energy-efficient path between Propor and Pgoar 0 G. The energy efficiency

considers both the travel distance and effort efficiency when manipulating objects to

25



3. Interaction Planning

move them out of the way.

Problem 1 is solved repetitively in each planning cycle. During navigation, we online
update G with new sensor data, mapping the newly perceived environment and
updating the maintained global map. Then, we re-plan the path on the updated G in
the next planning cycle until arriving at pgoq-

For adaptive manipulation, define @), ., C @ as the local workspace for a single
manipulation. Let {C},..; C Qioca|i € Z"} be locally disconnected components that
are divided by a movable object, as shown in Fig. 3.3. The manipulation strategies

are defined as motion primitives w. The problem is described as:

Problem 2 Given Q.. that is divided into n components {Cioear} by a movable

object, find n(n — 1) manipulation primitives m that re-connect any two components.

Problem 2 is solved once for each object that blocks a local space. The manipulation
primitives are stored in the map with the object and utilized in two ways. First, it
helps the DV-graph determine the travel cost from one component to another to
trade off between manipulating or taking a collision-free path. Second, the searched

primitives guide the robot’s actual manipulation motion controller.

3.4 System Overview

The architecture of the proposed system is shown in Fig. 3.2. The system comprises
two primary components: DV-graph construction and updating (Sects. V and VI)
and motion planning (Sect. VII). In the DV-graph construction and update phase,
the process begins with pre-processed sensor data S,,,, and Sp,. Then, a polygon
extraction procedure transforms S,,,, and Sy, into two sets of polygons. These sets
form the map representation for the DV-graph.

The topological space connectivity analysis algorithm is designed to determine
whether a single movable object divides a local space into several disconnected com-
ponents. The mobile manipulation simulation module is employed for each movable
object if it blocks the way. This module is responsible for generating manipulation
strategies to reconnect these locally disconnected spaces and calculating the associ-
ated manipulation costs. The output of the simulation module is a comprehensive

set of manipulation primitives, encompassing all feasible scenarios considering both

26



3. Interaction Planning

the starting and ending states. Finally, the local DV-graph is constructed with the
extracted polygons and the manipulation primitives in order to encode both the
geometry and interaction information. The local DV-graph is merged with the global
V-graph in each running cycle, facilitating its dynamic update.

In the planning phase, the process initially searches a global path from p;opet to
Pgoal -

During the path execution, the choice of local planner depends on the robot’s cur-
rent navigation context: a collision-free planner is employed when the robot navigates
between two visible waypoints. An interactive planner is utilized for mobile manip-
ulation if the current local path segment intersects with movable objects. During
manipulation, the object’s parameters, e.g., mass, and manipulation cost, are dy-
namically updated. The interactive planner then adaptively revises the manipulation
policy based on these updated parameters. Subsequently, these revised parameters

are incorporated to update the corresponding edges in the global DV-Graph.

3.5 DV-graph Construction and Update

3.5.1 Polygon Extraction

To differentiate between static and movable objects in the DV-graph, this module
takes in S0, and Sy, separately and transforms them into two sets of polygons,
denoted as {P},,, C Qli € Z} and {P;, C Qi € Z*}. To achieve that, we first

inflate S0 and Spy based on the robot dimension and register them to 2-D image

ov

planes. Enclosed polygons are extracted and simplified using the methods in [43]
and [10]. This polygon extraction step is developed from [49], detailed explanation
is available therein. Finally, the two sets of polygons are combined into a complete
local polygon graph, denoted as {P},., C Q|i € Z*}, as shown in Fig. 3.1(a). The
Py are marked as red polygons, and P,,,, are marked as green. Notably, polygons
from different classes can intersect, but no intersections occur within the same class

due to the topological structure analysis based on [43].
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Figure 3.3: (a-b) Path-disconnected components {C

%

! .ar} of alocal region {P}, ., }. Green

polygon represents P,,, and grey ones are Py,. Topological waypoints {Psopo} are marked
as purple, potential manipulation strategies are represented as directed edges in purple. (c)
Demonstration of the process to choose {piopo}. Intersected points pinter are marked in
cyan. (d) Illustration of the interaction planning module. Contact point are marked as

blue.
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3.5.2 Topological Space Connectivity Analysis

The free space of the static background polygon map, denoted as Q\{ng}, is guaran-
teed to be a path-connected space [36] because of the topological structure analysis.
This implies that for any point pairs (p;, p;) € Q\{ng}, there always exist a con-
nected path. However, when {P} } and {P},

locally path-disconnected, as shown in Fig. 3.3. The space is divided into several

oo are combined, certain regions become
locally disconnected components, {C},., C Qi € Z"}. To navigate through these
disconnected spaces, the robot needs to actively manipulate the movable object to
re-establish connectivity between regions. As illustrated in Fig. 3.3(a)-(b), the num-
ber of disconnected components leads to n(n — 1) potential manipulation strategies
based on the robot’s start and goal regions.

As shown in Fig. 3.3(c), For each C

point of C. ., which is called topological waypoints because different pi, ., belongs to

i % % :
Jocal» d€fine py,., € Cj,.,;, as the representative

different topological spaces. To make topological waypoints have good visibility with
other vertices in C!

7
local»

intersection points (p!,,.., P

the following strategy is adopted. Given a pair of consecutive

i+1

oer), marked as cyan in Fig. 3.3(c), calculate its mid-

i+1

orer X (0,0,1). Then, create its normal

point p,,,¢ and normal vector i = p! .. p
vector starting from p,,q, and calculate its intersection point with the polygon,

denoted as p” and marked as a red point in the figure. Finally, piopo can be calculated

as: i / — . dobs
ptopo =p +n- mln(dthT687 T); (31)
where d,, represents the minimal distance from p’ to its closest obstacle along n,

dinres 18 a pre-defined threshold value with unit meters, here we choose 0.5 as the

dthres .

Theorem 1 pj,,, has at least 3 visible vertices in Cj,.,.

Proof: To prove it, two axioms are introduced: i) Any polygon can be decomposed
it

|k € Z*}, because pj,,, is within

into triangles. ii) Any point in a triangle is visible to all three vertices. Given Cj,,;,

can be decomposed to a set of triangles {A; C C;

)
local

C} s 1t must be in one of {A}, thus connecting at least three vertices in Cj,.,;-

: J
and achieves C;, ../,

If the robot can manipulate the object from C then the point

i
local»

pair <piopo, p{opo> is connected added into the DV-graph as a travelsable edge. The
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Algorithm 1 DV-graph Update
Input :Segmented Sensor Data: Spg, Spmov, DV-graph: G
Output : Updated DV-graph: ¢
{Psgs Pmov} < PolygonExtraction(Spg, Spmov) > Local DV-graph update
Construct local DV-graph on {P;,}
for each {Ppop} do

for each pair (Ply,0, Plopo) dO

| T 7 4 T((Dfogos Plopo)s 1)

end

Add edge connections between {P?, .} and {Py,}
end

> Local-global DV-graph merge

for each vertex v, € {P}. .} U {szobaz} do
if an association exists then

‘ Update the vertex in {szobaz}
else if v, only exists in {P] .} then

‘ Add v, to {Pglobal} as a new vertex
else

‘ Remove v, from {Pglobaz} based on voting

end

end
return Merged DV-graph G

traversability of the edge is assigned based on the estimated cost of the manipulation.

3.5.3 Interaction Planning

Given a locally path-disconnected region with n-components, as shown in Fig. 3.3(a)-
(b), the module is designed to generate n(n — 1) local manipulation policies that make
each (P, p{op()) re-connected. The input of this module is the local contour graph
{Piocar}- For each movable object {P?

in Algorithm 1, Line 5-9. Given an arbitrary pair of topological waypoints (piopo, p{opo)

oo C Plocar }, the simulation process is described
with the estimated push affordance i of the object, the strategy generation function
[':R? x R? » R x SE(2) outputs the interaction motion primitive 7 along with the
estimated manipulation cost 7. Because the output does not restrict manipulation
actions, general real-time mobile manipulation solutions can be conveniently adopted

into this framework with minor changes. The detailed design of the interaction
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primitive generation is discussed in Section 3.6.

3.5.4 Local-Global DV-graph Update

After constructing {Pioca}, Wwe merge the overlapped area of {Piocar} and {Pgiobar }
to update the global DV-graph G. The process is described in Algorithm 1, Line
11-19. For each vertex in {Pjocq}, we check if there’s a close match in {Pgyppe } within
a certain distance threshold. If so, we update the existing vertex in {Pyopar}- If
the vertex only exists in {Pjoea}, we regard it as a new vertex and add it into the
{Pyiovar }. Conversely, vertices only in {Pgiopa }, which means they are not observed
in the current frame, are not immediately removed. To mitigate sensor noise, we
develop a voting mechanism where a vertex is removed from {Pypq } only after being

continuously unobserved for several frames.

3.6 Interaction Primitive Generation

In this section, we propose our solution for Problem 2. We first decompose the
Problem 2 into a series of sub-problems (Problem 3). We conduct a kinodynamic
path search for a feasible interaction strategy for each sub-problem by expanding
motion primitives with a discretized control input space (Sect. 3.6). Our novel design
of heuristics is proven to be admissible in general cases and fits well with our sparse

polygon-based map representation.

3.6.1 Problem Decomposition

As discussed in Sect. 3.5.3, there are n(n — 1) local policies to be generated. It is hard
to solve via a single search because the state space is large and with multiple sub-goals,
and it is hard to design heuristics with an admissibility guarantee. Therefore, we
decompose the original problem into n(n — 1) sub-problems and solve them separately.

The process of the problem decomposition is illustrated in Fig. 3.4. Each sub-

problem is defined as:

Problem 3 Given the start position piopo and goal position onpo; find the most

energy-efficient manipulation policy that connects piopo and p{opo via a local collision-
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Figure 3.4: Illustration of the problem decomposition. (a) The main problem contains
n(n — 1) sub-problems. (b-d) Three typical sub-problems. The upper-right corner of (b)
explains the calculation of the heuristics. The left-upper corner of (d) demonstrates the
case when there are multiple heuristic polygons.

free path.
The problem is solved by a hybrid A* path search method with a novel heuristic

design. It has two advantages: 1) the found motion primitive, or path, is kinodynam-
ically feasible for the robot to execute, and 2) the designed heuristics are admissible
in general cases, which improves the optimality of the path. Technical details can be
found in Sect. 3.6.3.

3.6.2 Push Primitive Generation

The full state space S’ for problem 2 is the combination of the robot’s and object’s
states: S' C SE(2) x SE(2). Because of the bijection between the robot state and
the object’s contact points. The object’s state can be simplified as a set of available

contact points C C R? shown as blue points in Fig. 3.3(d). The state space is
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then simplified as S € C x SE(2). The state vector s € R3™*" of a movable
object is comprised of object position and orientation (yaw) x = [p,, py, |7 and
available contact points ¢ = [¢!, ¢?, ..., "7, where ¢ € C, which can be represented
as s := {z,c}. For x dimension, we use velocity as the control input and discretize

the input space as u; = [—Umaz, Vmaz]-

Assume we use a differential vehicle: v = [v,,0],w € R. The goal is to find a
kinodynamically feasible motion primitive for the state defined above. We use push
manipulation as our interacting method to showcase the state transition model for
its simplicity and effectiveness in many real-world problems[23][15]. Although planar
push is one of the simplest manipulation tasks, two factors make the push control
difficult: (a) the model p(syy1|s:, us) is complicated by many factors, e.g., friction
distribution, contact mode, etc.[26]. (b) Both the robot and the push-slider system
are underactuated, so it’s difficult to find a motion primitive that is kinodynamically
feasible for a robot to execute, especially when the robot and the object are sliding
relatively[9]. Thus, we favor stable push as defined in [23], aiming to move the object
without relative sliding. It solves many problems and simplifies the mapping between

the robot and the object to a single transformation in SE(2).

We identify a subset of potential stable rotation centers based on the object’s
shape, the friction coefficient £ between the robot and the object, and the center of
friction. We start with an initial value k;,;; for each object, assuming the object is
uniform (the center of friction aligns with its geometric center). This assumption
identifies a subset P, of instant stable rotation centers. If an initial push does
not achieve stability, we adjust k;,;; until a stable push is guaranteed. A detailed

discussion can be found in Section VII.B.

For a certain contact edge, we can select the robot’s motion primitives that will
only result in stable pushes and map them to the state of objects. In practice, we
apply the differential vehicle model to the movable object and let it head to the
normal of the stable push edge. Then we restrict ;> to let the instantaneous rotation

center p fall into Pi.
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Figure 3.5: Hybrid A* push search with contact point switch.
3.6.3 Hybrid A-Star Path Search

Given a pair of topological waypoints, the problem 3 is solved in two steps. First, find
the polygon with the smallest area that intrigues the connection of these topological
waypoints, demonstrated as blue polygons in Fig. 3.4(b-d). Here, we call it a heuristic
polygon because it provides heuristics to guide the path search. We represent it

as {Pheu} = {P!

mov

} N {Py,}. If there are multiple heuristic polygons between the
two regions, {Ppe,} is chosen as the union of the vertex set of all these polygons, as
shown in Fig. 3.4(d). The heuristic (or the negative reward) of the path search is
the minimum distance between parallel lines of the polygon, which is mathematically
defined to be the width of the polygon[16]. A hybrid-state astar is then performed

with the state and transition model discussed in Sect. 3.6.
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3.6.4 Completeness and Admissibility

The completeness cannot be theoretically guaranteed because the state space is
discredited. However, our method supports variable-resolution state space to improve
the completeness guarantee [8], and the practical performance is satisfactory. For
optimality, we can prove the admissibility when the heuristic polygon {P;_,} or the

union of all vertices of multiple heuristic polygons {Ppm"} are convex.

Lemma 1 h is admissible if {P;}_,} is conver.

According to the definition stated in [16], h is the minimum distance that disengages

two convex polygons from contact. Therefore, h is admissible.

Theorem 2 h is admissible if { P/} is conver.

Proof: As shown in the upper-left part of Fig. 3.4(d), if the union is convex, h
must satisfy the condition that h < hy 4+ hy. Because hy; and hy are both admissible

for their heuristic polygons, therefore h is admissible for the union.

3.7 Interactive Motion Planning and Online

Adaptation

3.7.1 Global Path Search on DV-graph

To identify the DV-graph G for the shortest path from p,opt t0 Pgoas, the planner
first adds prosor and Pgoas as two vertices, connecting them to other visible vertices
in Pglobal. A breadth-first search is then executed on G to find the shortest path,
denoted as a set of waypoints Ppes = {pl,, € Qli € ZT}, if it exists. During the
navigation among the unknown environment, vertices and directed visibility edges are
dynamically updated and stored in G. In the subsequent operations, the DV-graph G
can be loaded as a prior map. When the environment is fully explored, the global
planner is capable of efficiently conducting real-time, globally optimal path searches

in large-scale environments ( 455m path with 1570 vertices in 3ms, as tested).
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Algorithm 2 Path Execution and Adaptation

Input : Next waypoint: ppeit € Ppan,
start: Propot, goal: Pgoar, cost: T,

affordance: pu
while Probot 7& Pgoal do
if ngft € Propo and [P’ — Provor|| < r then
j, 7%7 /l — I_\<<p7’obota pg§2$t>7 :U’)y
if ||J — J|| > Tenres then
T T; T 75 p i
Update correlated edges in G based on J ;
Replan the global path;
else
| InteractivePlanner(r);
end

else
‘ CollisionFreePlanner(p%xt);
end

3.7.2 Path Execution and Adaptive Replan

During the navigation, the robot switches the local planner based on the current path
segment it executes. The working principle is demonstrated in Algorithm 2. The robot
employs a collision-free planner [4] for regular navigation. Upon nearing a topological
waypoint, it switches to the interactive planner to implement the interaction primitive
discussed in Sect. 3.6. The interactive planner considers the following constraints
during the runtime: push stability, collision avoidance, and push affordance ;o of the
robot (e.g., how much weight it can push, the friction coefficient between the pusher
and slider). We utilize the same method discussed in Sect. 3.6 for path replan with
two differences: 1) a denser grid is utilized for better execution, and 2) only one

primitive needs to be generated.

With each sensor frame, the robot utilizes tactile sensing to update the physical
properties of the movable obstacle and, therefore, the push affordance. The design of

our tactile feedback module is based on three principles:

1. If the object’s state doesn’t change after maximum push effort, we mark the

object as not pushable.

2. If |7 — J|| exceeds a threshold, update J and u,.
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Based on the updated J and u,, the planner adaptively re-plans the interaction
primitive or the global path as necessary. After the push execution, the updated J
and 7 are encoded into the DV-graph G accordingly.

3.8 Experiments

To demonstrate the effectiveness of our interactive navigation system, we conduct
10 navigation tasks in simulated environments with different scales, as shown in Fig.
3.6. For each task, The start and goal positions are chosen based on the criteria
that the optimal path length is larger than a threshold. The threshold is set as 15m
for the 32m x 32m environment and 80m for the 330m x 270m one. The simulated
ground vehicle is equipped with a Velodyne Puck Lidar used as the range sensor for
perception and a 1-D force sensor for tactile sensing. The framework runs on a laptop
with an i7-12700H CPU. We configure the system to update the DV-graph at 4.0Hz
and perform a path search at each graph update. The spatial resolution is set as

0.15m. The local layer is a 60 x 60m area with the vehicle in the center.

3.8.1 Computational Efficiency Comparison

To demonstrate the computational efficiency of the proposed framework, we compare
our system with three classical path planning methods: A*, RRT* and BIT*, two
NAMO methods: R-NAMO and LAMB, and our previous work FAR that uses
a DV-graph without considering interaction. Here, A* is a representative search-
based method, BIT* is considered as the state-of-the-art in sampling-based method,
R-NAMO and LAMB are two representative methods for NAMO in known and
unknown environments, and FAR is considered as the latest global path planning
method in unknown environments. The experiment results are demonstrated in Table.
3.1. The italic font indicates that the system is implemented in Python, otherwise
implemented in C++. The ground truth (GT) optimal path is noted as the length
of the path search by A* on the dense grid map without inflation. The average
time consumption is recorded in Table. 3.1 if the path search is successful. The
time recorded for sampling-based methods represents the duration until the method

initially finds a sub-optimal path, the length of which is no more than 1.5 times the
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Figure 3.6: Environments overview.

length of the GT optimal path.

As Table. 3.1 shows that considering that the speed of Python can be up to 96.3
times slower than C++ [52], all methods have impressive performance in the room
environment. In the office scenario, search-based method runs slower due to the
increase of the environment scale, while all NAMO methods fail in this scale. Only
FAR and our method can run in real-time and maintain similar speeds in the tunnel

scene.
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Table 3.1: Average Search Time in [ms]

3. Interaction Planning

i Room Room
Environment (no objects)  (with objects) Office Tunnel
Optimal
Path Length (m) 8.6 8.6 47 455
A* 2.2/179.0(py) - 16.0 | 363.5
RRT* 0.4 - 0.4 325.2
BIT* 0.17 - 0.7 1.1e3
R-NAMO 1.1e3(py) 1.2e3(py) - -
LAMB 7.0e3(py) 34.8e3(py) - -
FAR 0.3 - 0.4 1.27
Ours 0.3 0.3 0.4 1.32

3.8.2 Path Efficiency Comparison

To demonstrate the path efficiency of the proposed system, we conducted this ex-
periment using the same experiment settings as Sect. 3.8.1. Table. 3.2 presents the
results of the experiments. The performance of path efficiency is evaluated by SPL[2].
As shown in the table, A* performs best in the room scenario because of its mapping
density and optimality guarantee. In the room with movable obstacles, R-NAMO
and LAMB have lower SPL because their manipulation policies take redundant
actions. However, our method can plan high quality manipulation policies because
it is admissible in general cases. In Office and Tunnel, with the increasing scale of
the environments, the path length of manipulation actions has a lower ratio than
the total path length; therefore, our method achieves higher SPL in these scenarios.
However, R-NAMO and LAMB fail due to their low scalability, and other methods
have to take alternate paths or even fail in some sub-tasks as they cannot conduct

interactive navigation, thus resulting in lower SPL.

3.8.3 System-level Comparison

To illustrate the potentiality and reliability of our system in field application scenarios,
we compare the systematic navigation performance with FAR. The reasons for
comparing these two systems are: 1) the superiority of FAR over other path search
methods has been demonstrated in [49], and 2) the offline implementations of R-

NAMO and LAMB make them fail to be applicable navigation systems for comparison.
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Table 3.2: SPL - Success weighted by Path Length

. Room Room
Environment (no object) (with object) Office Tunnel
A* 0.97 - 0.41 0.81
RRT* 0.84 - 0.37 0.77
BIT* 0.83 - 0.39 0.80
R-NAMO 0.96 0.58 - -
LAMB 0.96 0.61 - -
FAR 0.96 - 0.43 0.79
Ours 0.96 0.70 0.86 0.97

We chose Office and Tunnel for the test because they are closer to the field applications.
The evaluation metrics included travel distance, navigation time, and success rate for
various sub-tasks, with both systems configured identically in terms of local map size,
resolution, and update frequency.

The results are shown in Fig. 3.7, Fig. 3.8, and Table. 3.3. Both system achieves
satisfying performance in terms of success rate. However, due to the lack of interactive
navigation ability, FAR planner makes more attempts to finish each sub-task and
sometimes even fails to achieve the goal, e.g., waypoint D in Fig. 3.6(b). The results

in Table. 3.3 proves that our system has higher efficiency in different environments.

Table 3.3: System-level Comparison

Environment Office Tunnel
Metrics Travel Distance (m) | Time (s) | Success Rate | Travel Distance (m) | Time (s) | Success Rate
FAR 232.56 360.34 4/5 1489.63 1911.45 3/3
InteractiveFAR 109.72 242.89 5/5 1120.91 1486.78 3/3

3.9 Conclusion

This chapter presents InteractiveFAR, an interactive navigation system for large-
scale unknown environments cluttered with movable obstacles. Utilizing a dynamic
DV-graph that integrates interactions during mapping, the system outperforms
benchmarks in path searching. The proposed interactive motion planning and adaptive

replan framework help our system manipulate movable obstacles and adjust strategies
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Figure 3.7: The resulting map and trajectories of system-level experiment in Office.

in real time based on new sensor data. Comprehensive experiments and benchmark

comparisons validate the efficiency and potential of our system in field applications.
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Figure 3.8: The resulting map and trajectories of system-level experiment in Tunnel.
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Chapter 4

Conclusions

This thesis presented a modular framework for interactive navigation, addressing
the perception and planning challenges that arise in dynamic and unstructured
large scale environments. The proposed system achieves real-time performance
using only onboard computation and is validated both in simulation and on real
robotic platforms. The work is divided into two main components: spatio-temporal
instance-level semantic mapping and interactive motion planning.

On the perception side, we proposed a real-time, open-vocabulary, spatio-temporal
SLAM system capable of constructing and maintaining a 4D semantic map at the
instance level. Unlike prior works limited to static, closed-vocabulary, or offline
processing, the proposed perception module performs joint object tracking, validation,
and change detection on-the-fly. The system integrates geometric cues from LiDAR
SLAM with semantic information from foundation models to build a robust, evolving
scene representation. It effectively handles occlusions, semantic label shifts, and long-
term environmental changes such as object appearance, disappearance, and relocation.
It supports interactive navigation by providing the instance-level map with objects’
geometric and semantic features, as well as other downstream tasks such as visual
language navigation and long-horizon reasoning in a dynamic world. Quantitative
and qualitative experiments demonstrated superior instance segmentation accuracy
and temporal consistency compared to existing methods, while achieving real-time
processing speeds of 0.2s per frame, which is orders of magnitude faster than offline

alternatives.
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On the planning side, we introduced an efficient, real-time interactive planning
system based on a hybrid sparse map representation called the Directed Visibility
Graph (DV-graph). The DV-graph supports topological path planning while encoding
possible manipulation strategies for movable obstacles. The planner decomposes
the space into static and dynamic regions, detects disconnected components due to
obstacles, and generates motion primitives to reconnect the space through manip-
ulation. An adaptive interaction planning mechanism allows the robot to estimate
physical properties of obstacles (e.g., mass, friction) and dynamically update the
planned strategies based on tactile feedback during execution. This results in robust
path planning that trades off between manipulation cost and traversal effort, and
supports complex object interactions like push actions to clear a navigable path.
Experimental results demonstrated superior planning speed (under 10ms per query)
and path efficiency, while maintaining system-level coherence and stability in cluttered
environments.

Together, the proposed perception and planning modules form a tightly integrated
interactive navigation framework. The entire system is implemented as an open-source
software stack. The results affirm the system’s capability to build an instance-level
semantic map, operate autonomously, and interact adaptively in unknown or partially
known, cluttered environments.

This thesis provides a solution for robust real-time robotic navigation that goes
beyond passive mapping and planning, enabling agents to actively engage and adapt
to their environments. The demonstrated capabilities in mapping, reasoning, and
manipulation mark a significant step toward the broader vision of intelligent mobile

robots operating autonomously in dynamic human-centric spaces.

4.1 Possible Extensions in Future Work

The interactive navigation system presented in this thesis serves as a minimum viable,
real-time, online framework for interactive navigation. While it demonstrates core
functionalities, several auxiliary components could further enhance its generality,
robustness, and applicability to more complex environments and tasks. Potential

directions for future research include:
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¢ Affordance Estimation. The current approach to estimating object movability
is relatively coarse. Future work could focus on developing more fine-grained
affordance models, enabling the system to learn and store physical interaction
properties—such as mass, friction, or compliance—at the instance level within

the semantic map.

¢ Richer Instance Feature Representation. At present, the planner selects
candidate objects for interaction based primarily on semantic class labels.
Extending the system to incorporate additional instance-level features, such
as texture, geometry, or historical manipulation outcomes, could enable more
informed interaction decisions and improve both planning efficiency and success

rates.

¢ Expanded Interaction Capabilities. While the system currently supports
basic interactions such as pushing, future extensions may include more diverse
manipulation behaviors, such as opening doors, pulling handles, or reorienting
objects. These capabilities would broaden the range of scenarios in which the

system can operate effectively and safely.
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Appendix A

Supplementary material for

mapping

This supplementary document provides extended experimental results, qualitative
analysis, implementation details, and clarifications to support the claims made in
the main paper. While our method may not surpass all existing approaches in
isolated segmentation metrics, it offers unique advantages in dynamic environments

and long-term scene understanding.

A.1 Beyond Static Metrics: Evaluating

Long-Horizon Scene Consistency

While existing semantic SLAM methods often rely on static metrics such as mloU
or mAP for evaluation, these metrics fail to capture a critical aspect of real-world
robotic performance: long-horizon consistency in dynamic environments. In practice,
autonomous systems must not only detect and segment objects, but also maintain con-
sistent object identities across occlusions, removals, and reappearances. This requires
robust data association, temporal memory, and adaptive scene updates—capabilities
that are not reflected in traditional segmentation scores.

SuperMap fills this gap by introducing a spatio-temporal object tracking and

mapping system that preserves object-level identities over time and across scene
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changes. As illustrated in our video demonstrations, SuperMap is able to correctly
remove disappeared objects, insert newly observed ones, and re-associate persistent
objects despite partial views and semantic drifts. These behaviors are essential for
downstream tasks such as language-guided navigation, spatio-temporal reasoning,
and long-term planning.

We believe these capabilities call for broader evaluation criteria that go beyond
static instance segmentation. To this end, we provide extensive qualitative analysis
and real-world robot deployment videos, showcasing how SuperMap maintains scene-
level integrity and enables downstream interactions. We encourage future benchmarks
to include consistency-aware metrics such as object identity retention, change-aware
tracking accuracy, and scene graph stability.

In summary, SuperMap represents a step toward embodied, real-time, open-
vocabulary SLAM with reasoning capability. We hope our system and open-source
release will catalyze future work on temporally consistent, semantically rich maps for

long-term robot autonomy.

A.2 Experiments

A.2.1 Runtime Details for Each Components

We provide additional runtime details information for reproducibility, including:

e Pose estimation: 10hz
¢ 3D dense mapping and bounding box: 3hz
¢ 2D instance-level segmentation: 1hz

® 4D scene graph:5hz

Our memory usage and mapping time statistics is shown in Tab. A.1.

A.2.2 Ablation Study: Tracking and Consistency Check

2D-3D joint tracking and consistency check are key techniques of Supermap. We
conduct experiments to show their effectiveness in keeping the object ID consistent,

removing disappeared objects, and mitigate projection or other outliers.
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Table A.1: 3D Instance Segmentation Scores on ScanNet with Memory
Usage and Runtime Statistics. TPF represents mapping time per frame. Best
results are highlighted as first and second .

Method ‘ Chair ‘ ‘Window ‘ Refrigerator ‘ Sofa ‘ Door Avg. Mem (MB) ‘ Peak Mem (MB) ‘ TPF (s)
‘ mAP;, mAPss ‘ mAP;, mAPs ‘ mAP;, mAPys5 ‘ mAPsy mAPy; ‘ mAP5, mAPos ‘

HOV-SG [46] 4.58 4.73 0.00 0.00 0.00 0.00 30.00 31.25 9.70 10.40 8755.86 10226.66 8.623

ConceptGraphs [13] | 0.00 2.33 0.00  0.00 0.00  0.00 0.00  0.00 0.00  0.00 859.86 886.18 0.092

SuperMap (Ours) | 63.76 74.72 | 42.20 67.92 | 62.50 62.50 | 33.35 83.35 | 10.00 25.00 2030.09 2184.86 0.3604

s table_28

Figure A.1: Ablation of 2D-3D tracking (first row) vs. 2D only tracking (second
row) under large viewpoint change. The 2D only case lost the track and degraded
mapping.

2D only Tracking vs. 2D-3D Tracking

Figures A.1 and A.2 compare a vanilla ByteTrack baseline (2D-only) with our 2D-3D
variant, which compensates the bounding box states using visibility and 3D centroid

projections.

e Large viewpoint change. In Fig. A.1, rapid camera motion causes the 2D
tracker to lose nearby chairs and tables. Our 3D-aware tracker preserves these

identities, producing coherent instance ids.

¢ Dynamic objects. Fig. A.2 shows a person walking in front of the robot.
The 2D baseline repeatedly initializes new tracks, whereas the 2D-3D tracker

maintains a single continuous ID, correctly reflected in the semantic map.
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person_122

Figure A.2: Ablation of 2D-3D tracking (first row) vs. 2D only tracking (second row)
for dynamic objects. 2D only case lost the track and causes the same person modeled
as multiple objects in the map.

Impact of Consistency Check

Figure A.3 evaluates the geometric and semantic consistency checks used to prune

stale or spurious points as a person walks in front of a static cabinet:

1. No check. Without either geometric or semantic consistency checks, history

points of the person remain after human moved.

2. Geometric only. Enabling the geometric check removes unsupported points but

leaves projection outliers on the cabinet.

3. Geometric + semantic (ours). Combining both checks eliminates all outliers,

yielding an up-to-date map.

The experiment highlights the necessity of joint consistency checking for reliably

modeling dynamic scenes.
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t=2.5s

Both (ours)

w/o geometric
and semantic
consistency
check

w/o semantic
consistency
check

Figure A.3: Ablation of consistency check.
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Figure A.4: Comparison of instance segmentation results on sequences with other
SOTA methods. Background points are removed. The examples show that our
method keeps the identity of the object better and does not ambiguate objects with
backgrounds.

A.2.3 Qualitative Instance-level Segmentation Result

We show examples of our instance segmentation results, compared with other SOTA
methods. Our method preserves the identity of the object better, while ConceptGraph
and HOV-SG tend to fragment a single object. In the meantime, we observe that
the CLIP features for instances in ConceptGraph and HOV-SG tend be ambiguous
after processing the entire sequence. Background segments cannot be effectively

distinguished from foreground objects.

A.2.4 Object-level Mapping for Long-term Dynamic

Environments

From Figure A.5 to Figure A.10, we illustrate three newly appeared objects, including
a yellow bucket, a cart, and a safety sign; three disappeared objects, including a
plant on the table, a blue trash can, and a chair. We compare the first and second
traversals of the environment. These examples demonstrate that our object-level

mapping system can not only detect which objects have changed, but also update
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2nd Traversal

Yellow bucket appeared

Figure A.5: Newly appeared object: yellow bucket
the existing objects map in time. For more detail, please check out our video.

A.3 Method

We present the spatio-temporal object update algorithm used in our semantic SLAM
system. The algorithm takes as input a sequence of observations, instance IDs, and
point clouds. Specifically, B,; denotes the set of detected bounding boxes, I is the
RGB image, D; is the depth map, and Odom represents either odometry or the
estimated camera pose. A multi-object tracker 7, based on motion estimation using

a Kalman Filter [54], also to maintain temporal consistency across frames.

A.3.1 2D-3D Consistency Check

To update objects in the map, we perform two key checks:

e Whether the object’s voxels remain occupied.

e Whether the occupied and visible voxels are supported by the latest semantic

inference from the image.
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2nd Traversal

Sign appeared

Figure A.7: Newly appeared object: sign
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2nd Traversal

Blue trashcan disappeared

Figure A.9: Disappeared object: blue trash can
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Algorithm 3 Spatio-Temporal Map Update

Require: A sequence of observations S = {Bget, [, D, Odom}, and a multi-object

tracker T
1: Initialization: M < InitMap(), 7.init()
forall {@neighbor; ]Bdety D[, Odom} €S do
2:
Oneighbor <— GetNeighborObjects(M, Odom)
3: Ofonts Qon, Openina <— CompareDepth(D;, Opeighbor, Odom) > Geometric
consistency, Eq. 2.7
4: Opegate — Ofront > Case 2: inconsistent depth
5 Talive — T .getAlive ()

10:
11:

12:
13:
14:
15:
16:
17:
18:

forall O € O,,, do

Case 1: consistent observations if O.4d € T ;.. 2d then

T UpdateTracks(O, Tajive) > Compensate tracked objects
Tiackea < T .TrackObjects(Talive, Baet) > Tracking via ByteTrack [54]
Mrackea ¢ GenerateMasks(/, Tiracked) > Using SAM2 [33]
Opqq Unproj eCt(D[, Mtracked; Odom)

forall O € O, do

O~id ¢ Ttracked
@negate — (O)negate U {O} > Semantic inconsistency

Oneighbor <— ObjNegate(Opeighbor, Onegate) > Remove inconsistent objects
@neighbor < ObJ Merge(@neighbora ©add)
M < MapMerge(M, Oyeighbor)
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2nd Traversal

Figure A.10: Disappeared object: one chair
The geometric consistency check is implemented in lines 2-5, while the semantic

consistency check is handled in lines 6-19.

A.3.2 3D-aware Instance Tracking

To enhance the matching between new bounding boxes and existing map objects, we
introduce a 3D-aware instance tracking mechanism.

Our tracking algorithm builds on Algorithm 1 from ByteTrack [54], preserving
the original 2D state representation and motion model for tracklets. In addition, we
incorporate geometric cues to update the internal states of the tracklets, enabling

more robust and spatially consistent associations.

o7
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