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Abstract

Mobile robots are increasingly deployed in human spaces such as healthcare settings, office spaces,
and households, with the objective of navigating safely to their destinations to perform tasks such
as delivery or search. Effective navigation requires robots to adapt to diverse forms of context,
such as interactions between people in the scene or semantic relationships between objects. This
thesis presents two main contributions in context-aware robot navigation: 1) a social navigation
algorithm that leverages foundation models to interpret social context and navigate among people
while adhering to social norms, and 2) an instance image-goal navigation architecture that uses a
Gaussian Splatting representation and semantic context of the environment to guide robots towards
image goals. These works demonstrate how context-aware reasoning can enable robots to navigate
both among people and to people. Extensive experiments validate the effectiveness of our

approaches, advancing the literature in context-aware robot navigation.
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Chapter 1
Introduction

1.1 Motivation

Mobile robots operating in human-centered environments must have the ability to navigate safely
and efficiently to their destinations in order to complete useful tasks [1]-[9]. In healthcare settings,
robots are used to search for and deliver medical equipment through crowded hallways [1], or
locate specific patients for activity monitoring [2], [3]. In office spaces and households, robots
must search for necessary objects and tools around the space in order to complete tasks like floor
cleaning [4], meal preparation [5], or laundry [6]. In public or commercial spaces, robots can be
used for search an assistance tasks, such as locating missing people in shopping malls and airports
[7], [8], or guiding visitors to specific locations [9]. Overall, these robots must be able to generalize
to any situation or scenario to complete their tasks — namely, the robots must be able to complete
the tasks in any environment (indoor vs outdoor), among many demographics of people (ethnicity,

age), and with varying types of objects (household vs outdoor objects).

In all of the above scenarios, robots must interpret the surrounding context provided to them in
order to make effective navigation decisions [10]. For example, when navigating towards a goal
location in the presence of dynamic humans, a robot must reason about the social context of the
scene to move safely and in accordance to social norms [11]. This capability, known as robot social
navigation, refers to the ability of an autonomous robot to move towards a goal while adhering to
socially acceptable behaviors [12]. This involves understanding interactions between people, such
as avoiding interruption of conversational groups or yielding to groups moving together [13]. It
must also adapt its behavior according to social contexts in the scene such as the type of
environment, such as whether it is a narrow hallway or an open space [14], and also the
characteristics of the people involved, such as whether they are elderly or young, in order to

balance safety and speed of the maneuver [3].

Similarly, mobile robots must also reason about visual and semantic context of the scene when
locating specific objects or people [15]. A key navigation task in this domain is Instance Image
Goal Navigation (IIN), where the robot is provided a reference image of the goal object or person

from any arbitrary viewpoint and must use contextual information from current and prior



observations in order to recognize potential matches [16]. For instance, if a robot is provided a
goal image of a bed, it can use visual context of the bed’s background to distinguish the correct
instance from other similar beds, while also leveraging the semantic context of the environment to
guide navigation (e.g. recognizing that a hallway is more likely to lead to a bedroom, and therefore
prioritizing exploration in that direction). Without context-aware navigation capabilities, robots
would risk unsafe interactions and inefficient behaviors when completing their given tasks [17]-

[20].

1.2 Research Challenges

This thesis will address the primary challenges of context-aware robot navigation models in two
key domains, robot social navigation and instance image goal navigation. These challenges are

described in each of the subsections below.

1.2.1 Robot Social Navigation Challenges

Robot social navigation is a challenging problem as robots must react to human behavior and
contexts in real time [11], while dealing with varying social conditions [21]. Existing robot social
navigation approaches have used either human-model-based (HMB) [13], [22]-[28] or human-
model-free (HMF) [14], [29]-[33] methods. In HMB methods, human trajectories are explicitly
predicted and then incorporated into a navigation policy primarily using deep reinforcement
learning (DRL) [13], [22]-[28]. HMF methods implicitly account for human trajectories by: 1)
learning social navigation policies using imitation learning (IL) [29]-[32], or 2) leveraging social
reasoning capabilities of large foundation models such as large language models (LLMs) [33], or
VLMs [14]. However, HMB and HMF methods do not account for social or environment context,
which are important for robot path planning [14]. Furthermore, they are unable to adapt to new
social scenarios (unexpected human behaviors, changes in the environment), resulting in degraded

performance in real-world deployment [11].

1.2.2 Instance Image Goal Navigation Challenges

In IIN, the following challenges need to be addressed: 1) a robot is not provided with a map of the
environment prior to deployment, therefore, it must explore and map the environment using visual
observations, while avoiding redundant coverage [34], 2) the viewpoint of the provided goal image

may differ from the robot’s viewpoint, increasing the difficulty of recognizing the goal object



during navigation [35], and 3) a robot must leverage visual and semantic context from earlier

exploration to improve the efficiency of future navigation actions [36].

To-date, existing approaches to 1IN have primarily used deep learning [16], [34], [37]-[48], and
large foundation models [36], [49]-[52]. Deep learning methods have used convolutional encoders
to extract features from visual observations and the goal image, capturing information such as
scene geometry and visual appearance (e.g. color, texture, and object shape). These features are
used to predict the robot’s next action and are encoded into latent vectors processed by actor-critic
models [34], [38]-[40], transformers [37], [41], recurrent neural networks [44], or inverse
dynamics models [46]. Large foundation model approaches use pre-trained encoders from large
vision transformers to convert the image observations and the goal image into semantic
embeddings [49]-[52]. This enables the robot to query the environment for the goal image using
language prompts. The semantic embeddings are then used by scene graphs [36], [51] or
reinforcement learning architectures [49], [50], to direct the robot towards the goal. These existing
methods assume that the goal image is captured from a viewpoint that is similar to the robot’s
viewpoint. For example, if the goal image is captured from a bird’s-eye-view, the robot may fail
to recognize it from its frontal view due to feature differences across the two viewpoints. As a
result, their performance can degrade when provided with a goal image from an arbitrary viewpoint

at the goal location [35].

To address this limitation, where goal images may be provided from perspectives unseen during
exploration, recent research has explored the use of alternative scene representations that can
render the environment from novel viewpoints. In particular, 3D Gaussian Splatting (3DGS) [53]
enables photorealistic 3D scene reconstruction of an environment using collections of 3D Gaussian
ellipsoids. 3DGS has been applied to robot navigation in dynamic human environments [54], [55],
where they must navigate safely to a provided goal location [56], [57], as well as for path-planning
in indoor environments such as supermarkets [58] and classrooms [59]. With respect to the 1IN
task, 3DGS has been able to assign semantic labels to the Gaussians, allowing a robot to localize
a goal image within the map of an environment and then navigate to the goal using waypoint-based
planning [35], [60], [61], or model predictive control [62]. However, these approaches all assume
that a detailed 3DGS map is available prior to robot deployment, which can limit their usability in

unknown environments where there is sparse-view or incomplete scene reconstruction [63].



1.3 Thesis Objective

The challenge of context-aware robot navigation lies in developing algorithms that can generalize
across diverse environments, objects and interaction types. Specifically, for robot social
navigation, this encompasses the ability to navigate in various indoor and outdoor spaces, and
among various social contexts and interactions such as conversational groups, large moving
crowds and people with diverse demographics (elderly vs young, ethnicity, etc.). For 1IN, the
broader challenge is to enable robots to identify and navigate to arbitrary goals objects in any
indoor and outdoor environment. Addressing these challenges within these two domains of robot

navigation remains an open challenge.

The objective of this thesis is to build two novel architectures centered around problems in context-
aware navigation for indoor dynamic and human-centered environments. While the broader
challenge of social navigation involves generalizing to diverse spaces, interactions and objects, the
scope of this thesis is on indoor environments. Namely, this thesis will develop: 1) an Online
Lifelong Vision Language architecture, OLiVia-Nav [64], for mobile robot social navigation
which considers both social and environment context during robot trajectory planning and adapts
to new social scenarios, and 2) a novel 3DGS-based architecture, SplatSearch, where a mobile
robot searches for a static object or person using visual and semantic context, provided from a
single reference image from an arbitrary viewpoint. These methods are incorporated on a mobile

robot for social navigation and IIN in real-world, human-centered environments.

1.4 Organization

The work of this thesis is organized as follows:

Chapter 2 contains a detailed literature review on 1) robot social navigation approaches and 2)
instance image goal navigation approaches, covering existing state-of-the-art methods in their

respective navigation domains.

Chapter 3 presents a novel social navigation architecture, OLiVia-Nav, which considers both
social and environment context during robot trajectory planning and adapts to new social
scenarios. The main contributions are: 1) the development of a novel distillation process, Social
Context Contrastive Language Image Pre-training (SC-CLIP), that transfers the social reasoning

capabilities of large VLMs into two lightweight encoders. These encoders extract social context



embeddings from both visual and token semantic features from image and text captions,
respectively, for predicting robot trajectories, and 2) the development of a trajectory planning
network that uniquely utilizes multi-head attention to account for these social context embeddings
during the generation of socially compliant robot trajectories. The encoders support online lifelong

learning to adapt to new unseen social navigation scenarios during robot navigation.

Chapter 4 presents a novel 3DGS-based architecture for 1IN, SplatSearch, where a mobile robot
searches for a static object or person, provided a single reference image from an arbitrary viewpoint
in unknown environment using sparse reconstructions. SplatSearch is the first architecture to
incrementally build a sparse 3DGS representation of the environment to achieve novel viewpoints
around objects, and use a multi-view diffusion to inpaint missing regions of these viewpoints for
robust goal recognition. The key contributions of this work are: 1) The development of an IIN
method using 3DGS that is the first to utilize a multi-view diffusion model to address viewpoint-
invariant goal recognition using sparse reconstructions of an unknown environment, and 2) A
novel frontier exploration strategy that uniquely combines visual context from the novel
viewpoints and semantic context from prior observations to guide the robot towards the goal

image.

Chapter 5 summarizes the key contributions in this thesis, highlighting the advancements in robot
social navigation and IIN for generalized context-aware navigation, and offers recommendations

for future improvements.



Chapter 2
Literature Review

This chapter provides a detailed summary of existing literature related to the two context-aware
navigation domains. The literature review can be categorized as follows: 1) robot social navigation,

and 2) Instance Image Goal Navigation for mobile robots.

2.1 Robot Social Navigation

Existing robot social navigation approaches can be categorized into: 1) human-model-based
(HMB) methods [13], [22]-[28], 2) human-model-free (HMF) methods [14], [29]-[33], and 3)
lifelong learning methods [65], [66].

2.1.1 Human-Model-Based (HMB) Methods

In general, HMB methods explicitly predict the trajectories of people in the robot’s surrounding

and use them to inform robot social navigation.

Human trajectories have been predicted using constant velocity (CV) models [26], transformer
models [22], [24], [28], or human tracking (HT) models [13], [23], [25], using RGB images and
LiDAR point clouds. In CV models, human trajectories are predicted by assuming a constant speed
and direction [26]. In transformer models, a spatial-temporal graph transformer is used to encode
distance relationships between people overtime to predict their positions [22], [24], [28]. Lastly,
HT models utilize tracker methods such as YOLO [67] to detect and track human positions using
either bounding boxes [23], [13], or LiDAR point clouds [25]. These models then predict

trajectories by estimating velocity and direction from the tracked human positions.

The predicted trajectories are then used to generate social navigation policies by using DRL
methods [22], [24]-[28], or heuristic control methods [23], [13]. Namely, DRL techniques include
actor-critic [22], [25], proximal policy optimization (PPO) [24], [26], [27], and double deep Q
networks [28], which optimize reward functions to maximize personal space and minimize
collisions. Heuristic control policy methods consist of predefined rules used to generate policies

to avoid human trajectories [23], [13].



The HMB methods are trained using 2D simulated environments, where humans are represented
as point masses [22], [23], [25], [26], [28], or 3D simulated environments with procedurally

generated human trajectories [24], [27].

2.1.2 Human-Model-Free (HMF) Methods

HMF methods consist of: 1) imitation learning (IL) methods [29]-[32] which learn social
navigation policies from expert knowledge in datasets, or 2) large foundation model methods (e.g.

LLMs/VLMs [33], [14]), that generate robot actions based on their social reasoning capabilities.

IL methods use behavior cloning [29], transformer architectures [30], generative adversarial IL
[31], or inverse reinforcement learning [32], to predict robot trajectories. They have leveraged
social navigation datasets like SCAND [68], MuSoHu [69], and THOR-Magni [70], which contain
expert demonstrations of robot trajectories, RGB images, and LiDAR point clouds from real-world

environments.

LLMs and VLMs exhibit social reasoning capabilities as they are pre-trained on internet scale data
[71]. These methods generate social navigation policies in two stages. Firstly, LLMs and VLMs
are prompted to generate social and environment context captions using audio [33] or image inputs
[14]. Secondly, a navigation planner (DRL [33] or the dynamic window approach (DWA) [14])

uses these context captions to generate socially compliant navigation actions.

2.1.3 Lifelong Learning Methods

Lifelong learning methods incrementally update navigation model parameters to adapt to new
social scenarios overtime, and have only been applied to HMB methods [65], [66]. For example,
in [65], human trajectories were first tracked using a Kalman filter (KF) with visual and LiDAR
data to estimate their positions and velocities. Lifelong learning was achieved by updating
probability distribution maps with this tracking data, predicting human positions relative to the
robot at discrete future time steps. In [66], a DRL architecture using PPO was trained with the
THOR-Magni dataset [70] to predict human trajectories using gated recurrent units (GRUs). The
predicted trajectories were used to quantify deviations from socially acceptable behaviors through
a social cost function, which was incorporated into the DRL reward function. The lifelong learning
process continuously updated the weights for the navigation policy by retraining the model with

new human trajectory data collected during navigation.



2.1.4 Summary of Limitations

Existing HMB methods do not account for social and environment context found in real-world
scenarios [13], [22]-[28]. Furthermore, lifelong learning methods that use HMB methods rely on
predefined human motion models within a KF. These motion models do not incorporate visual
cues from the environment or the behaviors of nearby people [65]. They also cannot be directly
applied in real-world environments due to their training on simulation-based datasets, creating a

sim-to-real gap [66].

HMF methods that use IL [29]-[32] can only handle social scenarios and the environment directly
observed in their training datasets. This is a limitation as existing navigation datasets cannot
comprehensively encompass every possible social scenario that may occur [68]. LLM and VLM
methods [33], [14] are limited by their slow response times resulting in poor social navigation

performance, as they cannot adapt to fast human movements leading to collisions [72].

To address the limitations, we propose OLiVia-Nav to: 1) account for social and environment
context using SC-CLIP to generate social context embeddings. These embeddings encode the
robot’s surrounding environment, human behavior, and high-level navigation actions for socially
compliant robot trajectory planning and selection; and 2) adapt to new social scenarios by
incorporating online lifelong learning through SC-CLIP’s lightweight encoders. These encoders

are updated during navigation to continuously account for new unseen social scenarios.

2.2 Instance Image Goal Navigation

We categorized IIN methods into: 1) deep learning-based methods [16], [34], [37]-[48], 2) large
foundation model methods [36], [49]-[52], and 3) gaussian splatting methods [35], [60]-[62].

2.2.1 Deep Learning-Based Methods

Deep learning-based methods for the IIN task have mainly used deep reinforcement learning

(DRL) [16], [34], [37]-[41], [44], [46]-[48] or imitation learning (IL) [42], [43], [45].

DRL-based methods used convolutional encoders such as ResNet to generate joint embeddigns
from RGB image observations and the goal image to inform the navigation policy. Architectures
including actor-critic networks [38]-[40], [47], proximal policy optimization (PPO) [16], [34],

[46], [48], or transformers [37], [41] were used to generate future navigation actions given the



current and history of image observations. In [48], an additional switch policy was introduced to
decide between exploration and verification actions, enabling hybrid DRL and classical feature
matching. To enable long-horizon IIN tasks where the robot must navigate to multiple objects and
retain information about previously seen locations, policies were memory-augmented using
attention networks [34], [41], topological memory graphs [47], or feature-extraction encoders [38].
Experiments were conducted in the Habitat [16], [34], [38], [41], [44], [46]-[48], or Gazebo [37]
simulators with 3D photorealistic environments, and real-world indoor environments [37], [39]

[40].

IL-based methods generated navigation actions by learning from expert demonstrations from other
robot platforms in pre-existing IIN datasets [42], [43], [45]. The datasets used to train the IL
architectures include the SACSoN dataset [42], RECON [43] or Active Vision Dataset [45], to
learn how to convert current observations into actions. In [42], a vision transformer was used to
encode past observation sand the goal image into a latent representation, which was then used by
a diffusion model to predict future actions. In [43], a topological memory module was used to keep
a compact representation of the environment and generate subgoals towards the goal image. In
[45], a variational generative encoder was used to predict next actions towards the goal while
adhering to safety and collision constraints with obstacles using a deep convolutional neural

network.

2.2.2 Large Foundation Model Methods

Large foundation model methods have used pre-trained VLMs to generate semantic priors with
the robot’s current RGB observations for locating the goal image in the environment, or query an

LLM directly to inform the navigation policy.

In [36], [49], [50], the RGB observations were converted to a semantic embedding space using
contrastive language image pretraining (CLIP), while the goal was processed through a ResNet
encoder to align semantic features and locate the goal. Namely, in [36], a semantic map of the
environment is incrementally constructed using CLIP to localize and keep a memory of instances
of object categories, after which the robot navigation policy is executed using the Fast-Marching
Method. In [49], an additional semantic training strategy was introduced to recognize the goal
object under viewpoint changes, and enable the robot to reach the target location provided varying

camera goal images. In [50], the embeddings from observations and the goal were concatenated
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into a joint embedding and trained with an actor-critic policy network to determine the robot

actions.

Other methods have directly queried and LLM to generate navigation actions for the robot by
prompting the LLM with an online scene graph of the environment, describing spatial and semantic
relationships between objects [51], [52]. The observations with the scene graph are use to generate
plans towards objects of the same instance, and a local feature matching method using LightGlue

[51] or SBERT [52], is used to compare the current observation against the goal image.

2.2.3 Gaussian Splatting Methods

3DGS methods have leveraged photorealistic scene modeling and novel view-synthesis to preserve
detailed visual information across diverse viewpoints of the goal image [35], [60]-[62]. Prior to
navigation, these methods build a high-fidelity 3DGS map and embed semantic features into the
map using CLIP [35], [61], or create topological graphs [60] to enable querying of the goal image
at test-time. GauScoreMap, [61], improved on GaussNav, [35], for goal search efficiency by
estimating optimal viewpoints for querying using hierarchical scoring, instead of performing an
exhaustive search across all possible viewpoints. Navigation policies used to predict actions to
reach the goal image included diffusion [60], model predictive control with dynamic Bayesian
updates [62], or the Fast-Marching Method [35], [62]. Experiments were conducted in the Habitat

simulator [35], [60], [61], or real-world environments [62].

IGL-Nav, [73], on the other hand builds an incremental 3DGS of the environment instead of using
a pre-built 3DGS representation. The 3DGS map is updated online with new RGB observations
and 1s used for navigation by localizing the 6DoF pose of the goal image, and iteratively navigating
towards this location. Localization of the goal pose is performed by creating a voxel grid on the
scene and using 3D convolution to generate an activation map, which identifies the next

exploration frontier, and the pose is further refined using gradient descent.

2.2.4 Summary of Limitations

DRL-based methods used fixed encoders to extract and compare features between the current
observation and goal image from the robot perspective [16], [34], [37]-[41], [44], [46]-[48].
However, these encoders are unable to recognize the goal object from different viewpoints and

under various lighting conditions, resulting in degraded performance [37]. IL-based methods rely
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on trained policies from existing datasets, limiting their recognition ability to the specific set of
objects included in these datasets [42], [43], [45]. This is a limitation as existing datasets cannot

comprehensively encompass every goal object, and thus, cannot generalize to novel IIN scenarios

[42].

Large foundation model approaches use semantic priors to enable searching for the goal image
using text instead of visual matching [36], [49]-[52]. However, these methods are limited to the
quality and granularity of the language to image alignments, as information is lost when converting
the goal image to semantic labels. Hence, the robot is unable to differentiate between semantically

similar, but visually distinct objects [74].

3DGS methods enable viewpoint invariance at the goal location but all assume that a detailed
3DGS map is provided to the robot prior to deployment [35], [60]-[62]. This assumption is
unrealistic in unknown or novel environments where scene reconstructions are either sparse of
unavailable [37]. The closest to our work is [73], however, this method relies on a dense 3DGS
representation of the environment to localize the goal pose effectively. Additionally, it does not

consider semantic context during exploration, leading to sub-optimal and redundant exploration.

To address these limitations, we propose SplatSearch, the first online 3DGS-based architecture to
address the problem of goal recognition under arbitrary viewpoints in sparsely reconstructed
environments. SplatSearch employs a novel viewpoint synthesis module that renders multiple
views around candidate objects using the 3DGS map, and integrates a multi-view diffusion model
to inpaint incomplete renders for robust feature matching against the goal image. SplatSearch also
introduces a frontier exploration strategy that leverages similarity scores from these rendered

viewpoints to enable the robot to progressively refine its exploration towards the goal object.
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Chapter 3
Robot Social Navigation Architecture using Vision Language
Models

This chapter1 introduces a social navigation architecture using vision-language models to enable
mobile robots to adapt to social context and abide by social norms when navigating among people.
Section 3.1 provides an introduction to the problem, Section 3.2 provide a detailed overview of
the architecture, OL1Via-Nav, Section 3.3 details the datasets used for the training and evaluating
the architecture, Section 3.4 discusses how the modules were trained, and finally, Section 3.5
presents the experimental results, demonstrating the effectiveness of our approach in real-world

human-environments.

3.1 Problem Definition

Robot social navigation addresses the problem of a mobile robot that needs to navigate from its
initial pose (xg, Vo, Po) to a goal pose (x¢, Vs, dg) in an unknown environment consisting of
dynamic people. The robot uses RGB images from its onboard camera, Ip;p, to detect visual
features such as people and objects, and 3D LiDAR point clouds, L,y ), to provide the 3D
structural layout of the robot’s surrounding. The task is to predict K socially compliant future

trajectories, =¥, from (xq, Yo, ®o) to (x5, Vs Pg) given an expert demonstration trajectory

Tt = {(xj'yj'(l)j)}f:o:
o = {efs el = {(sb. 7 Sy b € [LKT), @

The trajectories, T¥, are generated by a deep neural network, f5 (I, L), with learnable parameters,
6. The overall objective is to learn 8 in order to minimize the winner-takes-all (WTA) loss [75]

between the predicted and expert trajectories:

! This chapter is based on and includes sections reprinted, with permission from IEEE: S. Narasimhan, A. H. Tan, D.

Choi, G. Nejat, “OLiVia-Nav: An Online Lifelong Vision Language Approach for Mobile Robot Social Navigation”,

May 2025, International Conference on Robotics and Automation.
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Fig. 1. OLiVia-Nav consists of four modules, 1) Social Context Module (SCM) extracts social context
embeddings for trajectory planning and selection, and to update the social context image and text encoders for
lifelong learning, 2) Trajectory Planning Network (TPN) generates socially compliant navigation trajectories
using LiDAR data, goal and the social context image embedding, 3) Trajectory Selection Module (TSM) selects
the trajectory that follows the high-level navigation action encoded in the social context text embedding, and 4)

Navigation Controller (NC) uses a Proportional Derivative Integral (PID) controller to follow the selected

trajectory. @ and %% denote modules that are updated and frozen during navigation. & denotes a VLM.

0* = argmin WTA(fp (I, L), T%).
)

3.2 Architecture

The OLiVia-Nav architecture consists of four main modules, Fig. 1: 1) Social Context Module
(SCM), 2) Trajectory Planning Network (TPN), 3) Trajectory Selection Module (TSM), and 4)
Navigation Controller (NC). The SCM generates social context embeddings from the robot’s
surroundings, which are used by the 7PN and 7SM to predict and select a socially compliant

trajectory for execution by the NC. Each module is discussed in detail below.

3.2.1 Social Context Module (SCM)

The proposed SCM consists of two submodules: 1) Social Context Contrastive Language Image

Pretraining (SC-CLIP), and 2) a Lifelong Learning Updater (LLU), Fig. 1.
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Long Text Caption (T,;): In the provided image, the scenario involves navigating among dynamic people in a
shopping area. There are several people present, including a person in an orange jacket walking ahead and slightly
to the left, and another person in a red jacket standing near a flower planter on the right in the immediate vicinity.
The pathway is clear, but it curves slightly to the right.

. Ensure to maintain a safe distance from the person in

the orange jacket and avoid any sudden movements that could cause collisions.

Short Text Caption (T): Pecople in orange and red jackets walking and standing in a busy shopping area. Curving

pathway with flower planter on the right.

Fig. 2. Example of a long and short text caption generated by the large VLM for training SC-CLIP. The long text
caption describes the social scenario, objects and people in the environment and the

. Image is from the MuSoHu dataset [69].

3.2.1.1 Social Context Contrastive Language Image Pretraining (SC-CLIP)

We introduce SC-CLIP, a distillation approach to transfer the social reasoning of a large VLM to
two lightweight encoders: a social context image encoder (SCIE), F;, and a social context text
encoder (SCTE), Fr. The novelty of SC-CLIP is its ability to retain the social understanding of a
large VLM, enabling OLiVia-Nav to generalize to diverse social scenarios, without the slow

response speed of the large VLM.



15

The distillation approach consists of two stages. First, a large VLM is used to generate a long and
short text caption, (T;, Ts), to describe the social and environment context within Ip;p, Fig. 2. This
context includes descriptions of: 1) the social scenario, 2) objects and people in the environment,
and 3) the high-level navigation action that the robot should follow to remain socially compliant.
Note that both T; and Ty are required in the training procedure of SC-CLIP to enable long text
caption understanding, as detailed in [76]. Then, in the second stage, SC-CLIP trains the F; and
Fr in parallel to align the image embedding, E;, from Ig;5, with the corresponding text
embedding, E, from (T}, Ts), in their respective embedding spaces. Herein, F; utilizes a ViT-L/14
transformer backbone [77] to extract visual semantic features from Ig.p in order to generate E;.
Fp utilizes a self-attention transformer backbone [78] to extract token semantic features from

(T, Ty) to generate E;. SC-CLIP is trained using the following loss function [76]:

Lsc—cuip = CE(F;(rgp) * Fr(T)", labels)
+ CE(PCE(F;(Iggp)) - Fr(Ts)", labels), (3)

where PCE is the Principal Component Extraction function, which extracts high-level context
features from F;(Izsg) [79], CE is the cross-entropy loss, and labels are the ground truth indices

that align E; and E.

The trained (F;,Fr) are used to incorporate social and environment context to be used for
trajectory planning and selection. Specifically, F; is used to generate E;, from RGB images as the
robot navigates an environment. Fy is used to create Dy, of size |Dy|, from an offline dataset
(discussed in Section V). During navigation, E; is used for: 1) trajectory planning by 7PN, and 2)

retrieving E+ from D based on a cosine similarity score, for trajectory selection by 7SM.

3.2.1.2 Lifelong Learning Updater (LLU)

The objective of the LLU is to update F; and F; during robot navigation to account for new social
scenarios that were not present during training. LLU collects a batch, B;, of Ip;p during
navigation and stores the batch in a buffer of size | B|, which is a tunable parameter that determines
the frequency of model updates. These images are passed to a large VLM (GPT4) to obtain the
batch, By, which is also used to update F; and Fr. A Symmetric Image-Text fine-tuning strategy

is used to update F; and Fr using the loss function [80]:
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exp (/&(E‘Z ET)>
LLLU =~ Z log k(E E/) ’ (4)
E€V;  Xphev, Xp (#)

where V; are image features from batch B;, and V; are the text features from the batch By, £(-,)

measures the cosine similarity score, and u is the temperature to control the sharpness of the
distribution. We denote F,; at update iteration i, as Tl(i), and Fy at iteration i, as ?T(i). The last
iteration is denoted as Tl(it) and TT(it), where i; represents the latest LLU iteration update. The

updated encoders, iF,(it) and iFT(it), are used to generate E; and Dy, respectively.

3.2.2 Trajectory Planning Network (TPN)

We propose a novel TPN to generate socially compliant trajectory candidates, =7, by uniquely
incorporating LiDAR data Ly, ), navigation goal G = (x¢, Y, ¢¢), and the social context
embedding, E;. The TPN consists of a spatial context encoder backbone (SCEB), a multi-head
attention block (MHAB), and a trajectory forecast head (7FH), Fig. 1.

The SCEB consists of two encoders. A LiDAR encoder to extract voxel features for the 3D points
residing in each voxel [81] using five residual blocks [82] in order to obtain the LIDAR embedding
vector, E;. A goal encoder uses a single layer feed-forward network (FFN) and rectified linear unit

(ReLU) activation to obtain the goal embedding vector, E ;.

E;, E; and E; are fused together using the MHAB to exchange context-relevant information across
each embedding representation, as detailed below. The attention process starts with a randomly
initialized query, @(®, which passes through three cross-attention layers: 1) SC-CLIP cross-
attention, which attends to E; to incorporate social and environment context from Ig;p, 2) LIDAR
cross-attention, which attends to E;, to incorporate geometric and motion features from Ly y ),
and 3) goal cross-attention, which attends to E; to condition the trajectory generation on G. Each

attention block updates the query sequentially using [83]:

Q((zzt)t = LN (Q(Z) + CA(Q(Z),-)), (5)

0+ = N (0% + FN(2)), ©)
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where Q((lzt)t represents the intermediate query after performing cross-attention on the z"* attention

layer, Q@ represents the query for the z"

attention layer, A represents one of the three
aforementioned cross-attention operations, LN denotes layer normalization. The final output,

0® = @, is passed into the TFH for trajectory planning.

In the TFH, the output query is fed into N;p; GRUs with each predicting one trajectory, 7). The
outputs are concatenated into a single vector, T¥, Eq. 1. The TPN is trained using the WTA loss

function, Eq. 2, to predict multiple trajectories. The TSM then uses =¥ for trajectory selection.

3.2.3 Trajectory Selection Module (TSM)

The objective of the TSM is to select a socially compliant trajectory from =¥ using E;. Namely,
E; is passed through an FFN to produce E,, while t¥ is processed by a separate FFN and GRU to

produce embedding vector E .. The 7SM is trained using the following loss function:
Lrsy = CE(FFN(E-®E,), k"), (7)

where @ represents the concatenation operation and k™ is an index that identifies the trajectory,

7", described by the navigation action in T;. T" is used by the NC for execution.

3.2.4 Navigation Controller (NC)

The selected ¥, is used by NC to generate robot linear and angular velocities, (v, w) using a PID

controller [84].

3.3 Datasets

We collected three datasets to train the modules of OLiVia-Nav: 1) Social Context Dataset, Dg,
using images from MuSoHu [69] to train SC-CLIP, 2) Trajectory Planning Dataset, Dypy, using
expert trajectories, LIDAR point clouds and RGB images from MuSoHu to train the 7PN, and 3)

Trajectory Selection Dataset, Drgy, using expert trajectories from MuSoHu to train the 7SM.

1. Social Context Dataset, Dg-: This dataset comprises of 20,000 RGB images, and
corresponding (T;, Tg), which are generated using GPT4o [72]. We use GPT4o for its
ability to generate socially related and contextually relevant captions [85]. The text

captions include descriptions of the social scenario, objects and people in the scene, and
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the high-level navigation plan. The database, D, used within the LLU, is curated by taking

a randomized subset of T; from Dg., and generating the corresponding E using TT(it).

2. Trajectory Planning Dataset, Dpy: This dataset comprises of 5,000 expert trajectories,
LiDAR point clouds, and RGB images. The expert trajectories, &, are represented by a
sequence of 10 future robot poses {(xZ, yZ, 8F)}12, from the current robot pose. For each
sequence, all waypoints are transformed into the reference frame of the initial robot pose,
(xE, yE,0F), for normalization and consistency in outputs. Izgp, is taken at the robot’s

initial pose.

3. Trajectory Selection Dataset, D;g),: This dataset consists of 20,000 predicted
trajectories, T, along with the corresponding RGB images, Ir¢g, T}, E7, and the trajectory

index, k*, that corresponds to the high-level action in Tj.

3.4 Training

OLiVia-Nav was trained in three stages: 1) SCIE and SCTE using the SC-CLIP framework, Eq. 3,
2) TPN in an end-to-end manner, Eq. 2, and 3) 7SM based on the trajectory plans of the 7PN, Eq.
5 and 6. Training was conducted with NVIDIA H100 GPU with 80GB of VRAM and 32GB of
RAM.

3.4.1 SC-CLIP Training

SC-CLIP was trained with a batch size of 256 and a cosine annealing learning rate scheduler with
a learning rate (LR) 0f 0.0001 [86], to gradually reduce LR over time for convergence. An AdamW
optimizer [87] was used with weight decay (WD) of 0.01 to prevent overfitting. SC-CLIP was
trained for 100 epochs. We implemented early stopping and obtained the lowest validation loss

epoch.

3.4.2 TPN Training

The TPN was trained with a batch size of 10, LR of 0.0008, and the AdamW optimizer with WD
0.0001. E;, E; and E; were projected into a common dimension of € = 128 using an FFN. For
MHAB, 32 heads were used. The number of predicted trajectories was set to K =5, and
correspondingly Ngry = 5. TPN was trained for 500 epochs until the lowest validation loss was

achieved.
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3.4.3 TSM Training
The TSM was trained with a batch size of 128 and an LR of 0.00001. A WD of 0.00001 was used

with an AdamW optimizer. 7SM was trained for 500 epochs similar to 7PN.

3.5 Experiments

(c) Static Groups + Dynamic d) Dynamic Groups + Dynamic
People People

Fig. 3. The four experimental scenarios: (a) narrow hallway with two

people, (b) approaching a blind corner, (c) static groups + dynamic

people, and (d) dynamic groups + dynamic people. Red arrows represent

human trajectories, blue arrows represent the robot’s predicted trajectory,

green boxes represent dynamic people, white boxes represent static

groups, and black boxes represent dynamic groups.

We conducted two sets of experiments with the Clearpath Jackal robot to evaluate the performance
of OLiVia-Nav in: 1) a real-world comparison study with state-of-the-art (SOTA) social
navigation methods, and 2) an ablation study to investigate the design choices of OLiVia-Nav. We

used GPT4o [72] as the large VLM within the SCM.
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3.5.1 Comparison Study

We conducted extensive experiments in a University of Toronto building to evaluate the
performance of OLiVia-Nav. Three metrics were utilized: 1) mean squared error (MSE) to
determine the positional error between the robot trajectory and a ground truth trajectory, 2)
Hausdorff loss [29] [88] to evaluate the shape similarity between actual and ground truth
trajectories, and 3) personal space violation duration (PSV) to determine the length of time the
robot travels in the personal space of a person (< 0.25 m) [89]. The ground truth trajectory was
collected through teleoperation by one of our researchers using North American social navigation

rules.

Four distinct social scenarios were used in the experiments, similar to [68], with 3 trials per
scenario; 1) narrow hallway, where two dynamic people approach the robot front-on, Fig. 3(a), 2)
blind corner, where the robot needs to approach and turn a corner while avoiding a dynamic person,
Fig. 3(b), 3) navigating past two static groups and three dynamic people, Fig. 3(c), and 4)

navigating through an environment with two dynamic groups and two dynamic people, Fig. 3(d).

3.5.1.1 Comparison Methods

We benchmarked OLiVia-Nav against the following SOTA methods:

e VLM-Social-Nav [14]: The VLM-Social-Nav method is a HMF approach which utilizes
a cost-based planner with GPT4o0 for social navigation. The costs include: 1) obstacle
collision cost obtained from LiDAR point clouds, 2) goal cost from a goal position, and
3) a social cost obtained through GPT40 from RGB images. The planner generates a set
of possible robot velocity pairs, (v, w), where the pair with the lowest combined cost is
selected as the action. We choose VLM-Social-Nav to compare how the direct usage of a
large VLM (GPT40) affects navigation performance, considering its slower response

time

e MultiSoc [26]: The MultiSoc method is a HMB approach which predicts human
trajectories by using a GNN with attention mechanisms to incorporate spatial relationships
and the positions of people over time. The GNN takes as input RGB images and LiDAR
point clouds to encode person positions, then uses the attention layers to predict future

trajectories. The predicted trajectories are integrated into a DRL navigation policy trained
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with proximal policy optimization [90]. The output of the policy are robot velocity
commands (v, w). We choose MultiSoc as it is trained in a 2D simulator with procedurally
generated human trajectories. This allows us to evaluate the impact of using real-world

collected trajectory data for training of OLiVia-Nav.

3.5.1.2 Results
TABLE I

COMPARISON RESULTS FOR THE FOUR SOCIAL SCENARIOS

Scenario Method MSE! Haus! PSV ()l
N OLiVia-Nav 0.1075  0.7348 1.2
H ;‘fv‘v’z‘fy VLM-Social-Nav ~ 0.1915  0.8785 1.9
MultiSoc 0.2968  0.9095 2.1
OLiVia-Nav 0.0236  0.2572 0.4
Blind Corner VLM-Social-Nav ~ 0.0755  0.5384 2.6
MultiSoc 0.1021  0.4596 2.8
Static Groups + OLiVia-Nav 0.2195  0.7563 2.1
Dynamic VLM-Social-Nav ~ 0.4361 1.5579 35
People MultiSoc 0.2747 1.1081 3.2
Dynamic OLiVia-Nav 0.0733  0.4813 33
Groups + VLM-Social-Nav ~ 0.1459  0.6832 4.7
Dynamic MultiSoc 0.1154  0.7929 45

People

The results of the comparison study are presented in Table I. OLiVia-Nav had the lowest MSE,
Hausdorff loss, and PSV across all scenarios, generating social navigation trajectories that closely
match ground truth trajectories in both proximity and shape. OLiVia-Nav utilizes the 7PN, which
was trained using IL on a dataset containing real-world human trajectories and diverse
environments. This enabled OLiVia-Nav to predict robot trajectories that resemble human
navigation behaviors in realistic social scenarios by directly learning from real-world trajectories
[11]. In contrast, VLM-Social-Nav utilized hand-tuned cost functions to generate robot trajectories
for obstacle avoidance and goal reaching instead of real-world data. This approach limited the
VLM-Social-Nav’s ability to adapt to nuanced real-world behaviors, such as a robot dynamically
adapting its speed and orientation when navigating around a corner. As a result, VLM-Social-Nav
had lower performance than OLiVia-Nav. Lastly, MultiSoc resulted in robot navigations that had
frequent heading direction changes, since social and environment context were not explicitly

incorporated during training [26].
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As the number of dynamic people in the environment increased from 1 to 6, the PSV increased for
all methods due to the larger number of people encountered. In general, OL1Via-Nav demonstrated
lower PSV than both VLM-Social-Nav and MultiSoc. VLM-Social-Nav had a higher PSV due to
its slower response speed (average 0.6Hz), compared to OLiVia-Nav (average 5Hz), as it relied
on directly querying GPT4o (large VLM) to compute social costs. This caused delays in generating
navigation actions which resulted in longer durations of personal space violations. Even though
MultiSoc was able to plan in real time (average 5SHz), it exhibited a higher PSV compared to
OLiVia-Nav due to inaccurate human trajectory predictions. Namely, MultiSoc frequently
changed the robot’s heading direction in response to pose errors in the predicted human
trajectories, which resulted in the robot violating personal space. Friedman tests were performed
on the MSE, Hausdorff and PSV metrics for all three methods across all social scenarios. The
results show statistically significant differences (p < 0.001). A Post-hoc Wilcoxon Signed-rank
test with Bonferroni correction further confirmed statistically significant difference in all three
metrics when comparing OLiVia-Nav to each method across all social scenarios (p < 0.025). A
video of our OLiVia-Nav approach and the SOTA methods navigating a hallway (Social Scenarios
1 and 2) and open space environment (Social Scenarios 3 and 4) is on our YouTube channel:

https://youtu.be/eyFJiOIITOO

3.5.2 Ablation Study
TABLEII

ABLATION STUDY

Methods Before LLU Update After LLU Update
MSE | Haus! | MSE!l Haus!
OLiVia-Nav (ours) 0.2981 1.8087 0.2521 1.4893
OLiVia-Nav w/o E, 0.4412 2.3772 0.3701 2.0839
OLiVia-Nav w/o E; 0.3838 2.1063 0.3791 2.0349
OLiVia-Nav w/o E; 0.4382 2.3681 0.4180 2.1894

We conducted an ablation study to investigate the design choices of OLiVia-Nav. Namely, we
considered: 1. OLiVia-Nav without (w/0) E; to determine the effect of visual semantic features
from Izgp on trajectory planning in the 7PN, 2. OLiVia-Nav w/o E; to evaluate the impact of
token semantic features from (T}, Ty) on the selected trajectory in 7SM, 3. OLiVia-Nav w/o E; to
explore the influence of the LiDAR point cloud embedding on trajectory planning. Note that an


https://youtu.be/eyFJiOIITO0
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ablation on E; does not provide useful insights since navigation requires a goal to be defined. The

ablation study was conducted on a hold-out test dataset in MuSoHu.

For each of these variants, the performance was evaluated twice; Before LLU Update, using only
TI(O) and TT(O), and After LLU Update, using .‘FI(i‘) and TT(it), where i; = 1 and |B| = 50. The
goal is to investigate the contribution of the LLU on all variants in terms of adapting to new social

scenarios that were not present during the training of OLiVia-Nav. The performance metrics

include the MSE and Hausdorft loss.

The ablation study results are presented in Table II. The Before LLU Update results show that the
OLiVia-Nav had the lowest MSE and Hausdorff loss of 0.2981 and 1.8087 compared to all
variants. The After LLU Update results also showed OLiVia-Nav having the lowest MSE and
Hausdorff loss of 0.2521 and 1.4893, respectively. All ablation variants also improved their
performance with the updates. For example, OLiVia-Nav w/o E; achieved a higher MSE and
Hausdorff loss compared to OLiVia-Nav as the predicted robot trajectories did not consider social
and environment context. OLiVia-Nav w/o E; also achieved degraded navigation performance as
the social context embedding from the token semantic features of the text captions was not used.
This embedding encodes the high-level navigation action and is necessary for trajectory selection.
The variant was unable to utilize high-level action information without this embedding, resulting
in the random selection of trajectories. Lastly, as OLiVia-Nav w/o E; did not the use LiDAR

embedding for obstacle detection, trajectory plans resulted in collisions with objects and people.

3.6 Summary

This chapter presents a novel lifelong vision language architecture OLi1Via-Nav which uses VLMs
to address the robot social navigation problem in dynamic human environments. It introduces a
novel distillation process, SC-CLIP, to leverage the social reasoning capabilities of large VLMs
for trajectory planning while being able to adapt online to new scenarios using the lifelong learning
ability of the lightweight VLM. Extensive real-world experiments demonstrate that OLiVia-Nav
follows expert trajectories more accurately compared to SOTA methods. Furthermore, ablation

studies show the importance of each of the embeddings on robot social navigation performance.
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Chapter 4
Instance Image Goal Navigation Architecture using Gaussian
Splatting
This chapter introduces an instance image goal navigation (IIN) architecture, SplatSearch, for
searching an unknown environment for an object or person, specified visually by an image, using
semantic and visual context in the environment, Fig. 4. Section 4.1 provides an introduction to the
problem, Section 4.2 explains the architecture of SplatSearch, Section 4.3 discusses the training of
the multi-view diffusion model for inpainting and completing sparse-view images, and finally,
Section 4.4 shows the results for a comparison study and ablation study, demonstrating the

effectiveness of our approach over SOTA methods.

Q_ 3D Gaussian Splat

Goal Image

Fig. 4. An overview of SplatSearch. SplatSearch builds a sparse-view 3DGS map and inpaints incomplete regions of

the novel viewpoints using a multi-view diffusion model
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4.1 Problem Definition

Robot instance image goal navigation addresses the problem of a mobile robot that is placed at an
initial randomized pose in an unknown, static, 3D environment and must navigate to a goal object
or person represented by an image, 19 € RH#*W*3 located at an unknown goal position x9. At
each timestep, t, the robot receives an RGB image and depth observation, O, = (I;, D;) from an
onboard camera, and executes an action a, = m(0,) according to a navigation policy, . The total

path length of the robot is given by:

T-1
d(m) = ) lxers = xella, (1)
t=0

where x; is the robot position after action a;, and T is the termination timestep. Navigation is
considered successful if the robot reaches within a distance radius, 7., of the true goal position.
The objective is to execute a navigation policy that minimizes the expected path length subject to

this success condition:

Tt = argminE[d(T[) | "xT - xgllz < Tsucc] . (2)
s

4.2 Architecture

The proposed architecture, shown in Fig. 5, consists of six stages: 1) Map Generation Module
(MGM), 2) Semantic Object Identification Module (SOIM), 3) Novel Viewpoint Synthesis
Module (NVSM), 4) View-Consistent Image Completion Network (VCICN), 5) Feature
Extraction Module (FEM) and 6) Exploration Planner (EP). Using RGB-D inputs and odometry,
the MGM incrementally builds a 3DGS map and a value map, in order to evaluate frontiers using
semantic relevance to the goal image. If the SOIM detects an object of the goal class, the NVSM
generates candidate viewpoints around the object, which are inpainted by the VCICN to handle
missing regions. The FEM compares these inpainted views with the goal image to produce object
scores. The EP uses the value map and object scores to select the next frontier, or navigates to the

goal identified by the SOIM. Each module is discussed below.
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Fig. 5. SplatSearch consists of six modules, 1) Map Generation Module (MGM) generates a 3DGS map for
photorealistic mapping and occupancy map for frontier exploration, 2) Semantic Object Identification Module (SOIM)
detects if the current RGB image contains an object with the same class as the goal image, 3) Novel Viewpoint
Synthesis Module (NVSM) generates multiple viewpoints around the object, 4) View-Consistent Image Completion
Network (VCICN) inpaints the sparse viewpoint images from NVSM, 5) Feature Extraction Module (FEM) uses the
inpainted images to feature match against the goal image, 6) Exploration Planner (EP) which selects and generates

feasible paths towards new frontiers.

4.2.1 Map Generation Module

The MGM utilizes RGB images, I;, depth images, D;, and robot position, x;, to incrementally
construct 1) a sparse-view 3DGS map of the environment for novel viewpoint rendering around
objects, and 2) a value map, which uses semantic context from the images to guide frontier

selection.

4.21.1 3DGS Map

A 3DGS map of the environment at timestep t, M'¢S, is represented by anisotropic 3D Gaussians,
G;, each parameterized by color c;, position g; € R3, covariance X; € R3*3, and opacity o;. Let
P : R? - R3 denote the mapping from a 2D pixel coordinate in the rendered image, u,, € R?, to
its corresponding 3D point in the scene. The weight of 3D Gaussian, G;, at a pixel u; in the

rendered image is given by the following equation [91]:

1
wi(a) = o; exp (=3 (Pw) — )TE P(w) - ), 3)
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where i € {1, ..., N;}, indexes the set of 3D Gaussians and k € {1, ..., Np} indexes the pixels in
the rendered image. Given the camera pose, the rendered color, depth and opacity images, can be

created by alpha-compositing the 2D projection of each Gaussian [92]:

L) = ) i) | [ (1- o). &
i=1 j=1
Ng i-1
De(wo) = ) zwiw) | [ (1- ), (5)
i=1 j=1
0wy = ) wiw) | [ (1- o), ©)
i=1 j=1

where z; is the depth of G; in the camera frame. The 3DGS map is optimized online by minimizing

the photometric loss, £,,, and geometric loss, £, between the rendered and the observed RGB-D

frames at timestep t [91]:

Lp =1 = | + (1= ssM(1,, 1)), 7
L, = |D; — Dy, (8)
Ly =2,L, + ALy, 9

where 4, and A, are the weights assigned to the photometric and geometric losses, and SSIM is

the Structural Similarity Index [93]. During online mapping, the 3DGS map is updated in regions

which are not previously mapped or regions with low accumulated opacity:
M, (uy) = (Ot < To) U ((D: <Dy n (lDt - D\tl > Ty)), (10)

where 7, is the opacity threshold, and 7, is the median depth error. Pixels satisfying M, (u;) = 1

are used to update the corresponding Gaussians in the 3DGS map.
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4.2.1.2 Value Map
The depth images, D;, are used to build an online occupancy map, M¢¢, consisting of occupied,
free and unknown cells. Frontier points, F;, are then extracted as the boundary locations between

free and unknown cells.

The value map, MY% is constructed by assigning each free-space cell in M9, with a score
quantifying its visual and semantic relevance to /9. To obtain these values, we use the image
encoder of a pre-trained BLIP-2 VLM [94] to generate semantic embeddings for the goal image,
e, and the current RGB observation, e;. The semantic score is computed through the cosine

similarity between the embeddings:

et'eg

lecllleg ]l

v, (11)
where a higher value indicates a higher semantic relevance to the goal image. The value v, is
stored in all of the free space pixels within the current field-of-view (FOV) of the robot.

We also introduce a confidence map, M gonf , to determine how a pixel’s semantic value should

be updated if it is already assigned a value and is within the current FOV of the robot. The
confidence of a pixel i within the FOV of the robot is determined as ¢, ; = cos?(78;/ B¢0v), where

Br0v 1s the field of view of the robot, and 6; is the angle of the pixel relative to the optical axis of

new ew

the robot. At each timestep, the new value, v, and confidence score, cgl- , for all pixels in the

robot FOV are recomputed [15]:

2
rev rev rev
ceive + P EVP c2 + ()

vnew _ 1 t,i [ Cnew _ t,i (12)

ti prev g A A prev
Ct,i + Ct,i Ct,i + Ct,i
prev . . prev . . .

where v, ;" is the previous value ¢;;  is the previous confidence score of the pixel. For each

frontier, f € F,, we compute a normalized average semantic score for that frontier, V;(f) as the
mean of MY within a circle of radius 7,4, around the frontier point, s. These scores are used by

the EP to guide frontier selection towards regions that are semantically similar to the goal image.
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4.2.2 Semantic Object Identification Module

The SOIM determines whether the current RGB image, I;, contains an instance belonging to the

image goal class and assigns a unique identifier to each detected object.

We use YOLOV7 [95] to generate bounding boxes around candidate objects, which are processed
by MobileSAM [96] to generate instance masks {mt,n}:io’ where 7, denotes the number of masks

detected at timestep t. For each mask m,,, the pixels are mapped to their corresponding 3D
Gaussians in the 3DGS map, M'¢S, using . The corresponding set of Gaussians is denoted G(® =

{ul@}, are aggregated and averaged to estimate the 3D centroid of the object, ‘), with

identification 4. Each object is stored in an object database D, as:
OIS HONORVON (13)

where V@ represents set of viewpoints from which the object has been observed. When a new

gnew
7}

mask is generated by MobileSAM, its centroid , 1s compared to existing entries in D If the
Euclidean distance to an existing centroid is below a spatial threshold, 74, the object is merged
into the existing entry and the centroid is updated via incremental averaging. Otherwise, a new

object entry is created.

The centroid, i(?, is passed to the NVSM every time any object in D, has been observed in f,
new distinct viewpoints, namely when |V®|mod f, = 0. This ensures that the NVSM is only

executed when increasingly refined object information is obtained.

4.2.3 Novel Viewpoint Synthesis Module

The NVSM generates camera viewpoints using the 3DGS map to render novel images around the

object. The input to the NVSM is the object centroid, u(?, provided by the SOIM.

Around the centroid, i®), viewpoints are sampled along a spherical surface of radius 7,,, restricted
to the upper hemisphere. A total of N viewpoints are generated by rotating at fixed angular steps,
with each camera-to-world transformation matrix, T._,,,, positioned tangentially to the sphere and

oriented towards the centroid. Using these transformation matrices, the set of novel images,

N
{I .(4”)} ¥ , are rendered using the 3DGS map. They are subsequently processed by the VCICN to

v Ji=o



30

inpaint incomplete pixels in the rendered images, and produce completed novel views suitable for

feature matching.

4.2.4 View-Consistent Image Completion Network

The VCICN is used to complete rendered images from the NVSM by inpainting pixels that are
unobserved or partially observed in the 3DGS map. The goal of this network is to improve the

feature matching of the FEM by generating inpainted versions of the image, to address the issue

N
of sparse-view 3DGS maps. The input to the VCICN consists of N rendered viewpoints, {Iim} i .
i=0

NR

Each image is paired with a binary mask, {Ml@} , representing the observed and missing regions
i=0

of the image. We set 1\718@ = 0, as the first viewpoint is unmasked for training stability.

Each rendered image, is encoded into a latent feature map using a variational autoencoder (VAE):
zh = VAE(I(Y) € RFXWx, (14)

The binary mask M i(i) is down-sampled using the same network to match the latent resolution. For

each latent z§, we simulate the forward diffusion process at a randomly chosen timestep £ to

produce a noisy latent vector:

L= Ja.zh + 1 — ace, (15)

where a, follows a consistent noise schedule and e~ (0,I). The sequence of inputs at timestep

tis:
Xy = [ZE:NR’ZO:NR(l _ MO:NR),MO:NR ]’ (16)

where M is the down sampled mask. The VCICN predicts the noise €g (x;, 74(c), 1), where c is

the CLIP-encoded text prompt corresponding to the goal object [77]. The network is trained with
an MSE loss, to encourage accurate noise prediction and enable reconstruction of complete,

view-consistent images [97]:

Lp = Experc [|le — €0 (e 7o (). 2)]]. 17)
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After reverse diffusion denoising, the VCICN outputs the completed viewpoint set of images,

AN
{Il@} i , which are then used the FEM for feature extraction against the goal image.
i=0

4.2.5 Feature Extraction Module

The FEM determines whether the current object instance corresponds to the goal image, 9. The

N
input is the set of completed novel viewpoints {liu)} i , generated from the VCICN.
i=0

The object score is computed using EfficientLoFTR [98] denoted by E(-,), which returns the
number of feature correspondences between two images. For each viewpoint, li@), the viewpoint
with the highest match is computed as:

i* = argmax E(Ig, lim). (18)

l

()

max

If the object score satisfies e =E (I g, Il@ )) > T,,, Where T, is the feature-match threshold, the

object is declared to match the goal instance and is passed into the EP to select as the final frontier.

If eg,?cm < T,,, however, efflzlx is passed into the EP to guide exploration.

4.2.6 Exploration Planner

The EP determines the next frontier point to navigate to using V,(f) and F, from the MGM, and

)"

ol
from the FEM, enabling exploration to be guided by semantic and visual context.
i=0

During exploration, if the FEM has not detected the goal object, the EP selects from the set of

frontiers, f € F;, that maximizes the utility function:

fé = ar}ggf;laX[a () +B-EH+8-V(N], (19)

where a, 5, § are the weighting coefficients, d(f) is the normalized inverse distance between x;
and f, and E,(f) is the normalized object score computed as:
(4)

1 e
€ _ = max __ 20
) = e T = o @0
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where C is the normalization constant. M?¢¢ is then used by the Navigation Controller, which
employs the Fast Marching Method (FMM) [99] to generate the shortest feasible path to move
from the current location to f;". If the FEM confirms a match with goal image, FMM is used to
plan a path to fi*. Upon reaching the goal, the EP executes the stop action and the episode is

completed.

4.3 Multi-View Diffusion Policy Training

The details of data collection and training for the VCICN are explained in the sections below.

4.3.1 Dataset Collection

We used the Habitat simulator with the HM3DSem-v(.2 dataset [100], which provides 145
training, 36 validation and 35 testing environments for the IIN task. To construct the training data
for VCICN, we executed SplatSearch (without VCICN) on the 145 environments in the training
set, spanning six object classes (TV, sofa, chair, table, plant, monitor) [16]. When the SOIM detects
an object instance, we applied the NVSM to capture N = 16 viewpoints around the object. This
process produced a dataset of approximately 20k objects, each with 16 sparse-views. The same
viewpoints were captured from the scene file to retrieve the corresponding ground-truth

renderings.

4.3.2 Training

Training was completed on an RTX 4090 GPU with 24GB of VRAM. The model was trained for
100k steps with a batch size of 64, learning rate of 0.0001 and with N = 12 frames. Training was

completed over 2 days and obtained the checkpoints with the lowest validation loss.

4.4 Experiments

We evaluated the performance of SplatSearch by conducting: 1) a comparison study with state-of-
the-art (SOTA) learning methods in a photorealistic simulator, 2) an ablation study to investigate
the design choices of SplatSearch, and 3) real-world experiments to evaluate the generalizability

of SplatSearch in real-world environments.

4.4.1 Comparison Study
We evaluated SplatSearch in the Habitat simulator using two validation sets: 1) the standard

HM3DSem-v0.2 validation dataset (HM3D-val), and 2) a modified split that we constructed,
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denoted HM3D-val-hard, designed to test robustness to goal images captures from more extreme
viewpoints. We construct HM3D-val-hard by re-sampling goal images from HM3D-val in
spherical coordinates around the object centroid with radial distance r € [0.5,2.5]m, azimuth 6 €
(0,m], and elevations, r € [1.0,2.0]lm, and camera angle further perturbed between
[—10°,+10°]. These modifications entail more birds-eye-view perspectives, that are more
extreme than HM3D-val [16], making feature matching from the robot viewpoint more
challenging. The performance metrics to evaluate each benchmark include 1) Success Rate (SR),

and 2) the success path length (SPL).

4.41.1 Comparison Methods

e IEVE [48]: A DRL approach that uses a switch policy to decide at every timestep to
explore a new frontier, verify current observation against goal image or navigate towards

the goal. We choose IEVE as it is the SOTA DRL approach in IIN to date.

e UniGoal [51]: This method uses an LLM to build an online scene graph in semantic
space, and matches detected objects with the goal using language-grounded embeddings.
This was selected as it is an approach that attempts to achieve IIN using semantics in the

scenc.

e GaussNav [35]: This method uses a pre-built 3DGS representation of the environment to
generate candidate viewpoints around goal-class instances, using a local feature matcher
to locate the goal, and using a classical planner to navigate to the goal. This was selected

as a representative 3DGS approach.

44.1.2 Results

TABLE III

COMPARISON STUDY BETWEEN IIN BENCHMARKS IN HABITAT
Method HM3D-val HM3D-val-hard
SR T SPL 1T SR T SPL 1T
IEVE 0.5320 0.2036 0.3910 0.1183
UniGoal 0.5520 0.2373 0.5037 0.1696
GaussNav 0.6492 0.0589 0.5828 0.0398
SplatSearch 0.6983 0.3038 0.6639 0.2703

The SR, SPL of SplatSearch with the other comparison methods are shown in Table III.
SplatSearch achieved the highest SR (0.6983 & 0.6639) and SPL (0.3038 & 0.2703) across all four
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SOTA methods and datasets. The performance degraded across all methods for HM3D-val-hard
due to the increased difficulty in recognizing the goal image from BEV perspectives. IEVE
achieved the lowest SR across all benchmarks (0.532 & 0.3910). This occurred due to its reliance
on DRL for navigation and goal verification, which degrades when provided goal images that are
out-of-distribution from the training dataset. UniGoal uses LLM-based semantic reasoning and
feature matching, however, it has a lower SR (0.550 & 0.5037) as it is dependent on how well the
feature matcher can identify the image across varying viewpoints. SplatSearch is able to render
viewpoints from multiple viewpoints and also complete the images using diffusion, hence
improves feature matches across arbitrary viewpoints. GaussNav has a much higher SR (0.6492 &
0.5828) because it varies the viewpoint using the 3DGS map, but has a much lower SPL (0.0589
& 0.0398) because it must generate the map first before searching, resulting in long and inefficient
trajectories. SplatSearch on the other hand incrementally builds the map while also performing

feature matching, hence achieving the highest performance.

4.4.2 Ablation Study

TABLE IV
ABLATION STUDY
Variants HM3D-val HM3D-val-hard
SR 1T SPL 1 SR 1T SPL 1
SplatSearch w/o NVSM 0.3409 0.1893 0.2383 0.1284
SplatSearch w/o VCICN 0.5380 0.2382 0.5291 0.2183
SplatSearch 0.6983 0.3038 0.6639 0.2703

We conducted an ablation study with different variants of SplatSearch, on the same HM3D-val
and HM3D-val-hard datasets to evaluate the impact of different modules in the architecture. These

included:

e SplatSearch without NVSM: This method used the RGB image, I, directly for feature
matching against the goal image.
e SplatSearch without VCICN: This method used the NVSM to generate novel viewpoints

but did not use multi-view diffusion to inpaint the missing regions of the images.

The results for the ablation study are shown in Table IV. Overall, SplatSearch achieved the highest
SR and SPL across all of the variants. SplatSearch w/o NVSM achieved the lowest SR/SPL as it

does not use the 3DGS map to render candidate objects from arbitrary viewpoints, hence, it is
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unable to recognize the arbitrary goal images. SplatSearch w/o VCICN also achieved a lower SR
and SPL. Although it can render objects from multiple viewpoints, the rendered images contained
large missing regions, which degraded the feature matcher, which depends on complete image

inputs.

4.5 Summary

In this chapter, we presented SplatSearch, a novel architecture for IIN in unknown environments.
SplatSearch leverages sparse-view 3DGS reconstructions to synthesize candidate viewpoints
around objects, and integrates a multi-view diffusion model to inpaint missing regions of the
images for robust goal recognition across arbitrary viewpoints. A frontier policy future combines
visual and semantic context from RGB observations to efficiently guide the robot towards the goal
image. Through extensive experiments in both photorealistic simulation and real-world
environments, we demonstrated that SplatSearch achieves state-of-the-art performance,
outperforming existing baselines in the HM3D dataset. An ablation study validated our design
choices in our architecture. Real-world experiments showed the generalizability of SplatSearch in

indoor environments.
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Chapter 5
Conclusion and Future Recommendations

This chapter provides a comprehensive summary of the work presented in this thesis, highlighting
its contributions to addressing context-aware navigation domains in dynamic and human-centered
environments, regarding robot social navigation and instance-image goal navigation. We then
discuss the limitations of our work and recommendations for future research to improve on the

limitations.

5.1 Summary of Contributions

5.1.1 Robot Social Navigation Contributions

This thesis has introduced a novel social navigation architecture, OLiVia-Nav, that accounts for
both social and environmental context during robot trajectory planning while adapting to new
social scenarios. The key achievements include: 1) the development of Social Context Contrastive
Language Image Pre-training (SC-CLIP), a novel distillation process that successfully transfers
the social reasoning capabilities of large VLMs into two lightweight encoders. These encoders
extract social context embeddings from both visual features and semantic text captions to inform
trajectory prediction, and 2) the design of a trajectory planning network that uniquely leverages
multi-head attention to incorporate these social context embeddings in generating socially
compliant trajectories. Importantly, the encoders demonstrated the ability to support online
lifelong learning, enabling adaptation to previously unseen social navigation scenarios in real-

world settings.

5.1.2 Instance Image Goal Navigation Contributions

This thesis has also developed SplatSearch, a novel 3DGS-based architecture for Instance Image
Navigation (IIN), where a robot locates a static object or person from a single reference image in
an unknown environment. SplatSearch is the first architecture to incrementally construct a sparse
3DGS representation of the environment to synthesize novel viewpoints of candidate objects, and
to employ a multi-view diffusion model to inpaint missing regions for robust goal recognition. The
key outcomes of this work include: 1) the introduction of a 3DGS-based IIN method that leverages

diffusion-based multi-view synthesis to achieve viewpoint-invariant goal recognition in sparse and
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unknown environments, and 2) the design of a frontier exploration strategy that integrates both
visual context from synthesized viewpoints and semantic context from prior observations to

effectively guide the robot toward the goal image.

5.2 Limitations and Future Work

The limitations of our existing work are discussed below.

Specifically, regarding our robot social navigation architecture, OLiVia-Nav:
e Limitations

o 1: Each module in our architecture is trained independently.

o 2: Our system accounts for positions and trajectories but does not consider higher-
level social contexts like gestures and speech that can help guide human navigation.

e Future Work:

o 1: We can use end-to-end architectures like vision-language action models (VLA)
which provide more cohesive training and avoid the issues with module
independence.

o 2: We can add additional modalities to our training dataset (audio, social cues) to

better capture real-world navigation dynamics.

Regarding our limitations for our IIN architecture, SplatSearch:
e Limitations
o 1: The 3DGS representation increases VRAM and storage size as the scene size
increases, which limits the deployment on robots with constrained GPU resources.
o 2: The pipeline may fail if the SOIM cannot detect the target class.
e Future Work:
o 1: We can mitigate the issue of GPU constraints by only mapping regions in the
scene that contain the class of the goal object.
o 2: We can integrate multiple detection models or hierarchical recognition methods

to mitigate SOIM failure cases.

An overall future extension is to combine the two systems to build a cohesive system for image

goal navigation that can search and navigate among dynamic humans. This would simply require
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adapting the instance image goal navigation architecture to map to account for dynamic obstacles.
Another valuable extension would be extending the methodologies to multi-robot systems, where
multiple robots aim to navigate among humans while searching for their own independent objects.
This would allow for cross-collaboration between the robots and improved efficiency in navigation

and finding the desired targets.
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