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Deep Reinforcement Learning (DRL) and Imitation Learning (IL) are promising approaches

for learning socially compliant robot-navigation behaviors. These methods enable policies to

be learned directly from interaction, avoiding the need to explicitly model human behavior. We

propose a decision process formulation that unifies path tracking and human avoidance within

a corridor abstraction. We develop a real-time, single-sensor system with robust perception-to-

control integration for reliable deployment. We then introduce Deep Residual Model Predictive

Control (DR-MPC), a sample-efficient DRL method that leverages MPC-based path tracking.

DR-MPC significantly outperforms classical and residual DRL baselines in simulation, and we

further validate its feasibility by training it directly in the real world. Lastly, we identify key

architectural and training decisions that substantially improve Behaviour Cloning, achieving

a three-times improvement in success rate. While these results are promising, challenges re-

main in reducing real-world data requirements and capturing the multi-modal nature of social

navigation.
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Chapter 1

Introduction

Achieving reliable robotic navigation remains a major challenge in deploying mobile robots

into real-world environments. Applications such as food delivery, equipment transport, and

warehouse logistics stand to bene�t signi�cantly from the integration of autonomous robots

from manufacturer to end user. However, navigating dense human environments cluttered with

static obstacles remains a substantial obstacle.

Social robot navigation research aims to enable robots to move safely and ef�ciently around

humans. The primary challenge to social robot navigation is the ability to understand and

predict a human's intent given the in�uence of the robot, the other humans, and the static

obstacles in the scene. Traditional, learning-free approaches to this problem fall into three

broad categories: reactive, decoupled, and coupled planning. Reactive methods tend to model

humans as static obstacles [21]. While simple, computationally ef�cient, and explainable, these

approaches are shortsighted because they do not anticipate human motion, often resulting in

awkward or disruptive robot behavior [57,80].

Decoupled planning addresses this limitation in reactive approaches by forecasting future

human trajectories to produce cost maps for navigation [53, 80]. However, these methods as-

sume that human motion is unaffected by the robot, ignoring the inherent interaction between

humans and robots. This oversight can lead to problematic behaviors such as the robot `freez-

ing', when all possible robot paths intersect with the forecasted human trajectories [28]. Such

an issue can arise even if all future human predictions are perfect because decoupled methods

do not account for the interplay between the robot and the humans [82].

1
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Figure 1.1: DR-MPC Navigating in the Real World. In this illustration, the robot deviates
from its path to allow human 1 to pass and then slows down (red means slower speed) to let

human 2 to pass before returning to its path.

Coupled planning approaches aim to resolve this by jointly optimizing the future motion

of both humans and robots [68]. While theoretically promising, these methods are highly sen-

sitive to inaccuracies in the human motion model. Whether learned or hand-crafted, building

an accurate and generalizable human behavior model is notoriously dif�cult [68]. Further-

more, current human models typically rely on basic features and fail to incorporate higher-level

reasoning about scene semantics—such as whether a human is on their phone or engaged in

conversation with a friend.

Deep Reinforcement Learning (DRL) offers a compelling alternative by learning safe and

ef�cient navigation policies directly from interaction data, thereby obviating the need for an

explicit human motion model. The tradeoff is that DRL agents are typically trained in simula-

tion because randomly initialized DRL agents are often unsafe and because the DRL training

process if known to be data-intensive [18]. However, the use of simulation introduces a new

challenge: simulators often rely on simpli�ed and inaccurate human models, making the re-

sulting DRL policies less effective in the real world. For example, the popular CrowdNav

simulator models humans using Optimal Reciprocal Collision Avoidance (ORCA) [84], which
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assumes cooperative, deterministic human behavior [5]; but, humans in the real-world have

varying levels of aggression, varying levels of attention to the scene around them, and varying

reactions to the same situation. So, one consequence of using cooperative human models, such

as ORCA, in simulation is that it can lead to overly aggressive robot policies that exploit human

cooperation to reach the robot's goal more quickly [50]. Also, many simulators also neglect

static obstacles entirely, further widening the sim-to-real gap [5]. To this end, we contribute

DR-MPC: a DRL model that leverages Model Predictive Control (MPC) for path tracking while

learning the human-avoidance component of the agent, enabling direct real-world training of a

DRL agent and achieving pro�cient performance (Figure 1.1).

Another major limitation in DRL approaches to social navigation is the reliance on hand-

crafted reward functions. Most methods de�ne rewards based on heuristic objectives such as

goal progress, collision avoidance, and maintaining a socially acceptable distance from hu-

mans. However, this presents several challenges. First, reward tuning is non-trivial: for exam-

ple, setting a high penalty for collisions can discourage exploration or cause the robot to remain

stationary to reduce the risk of collision, thereby stalling the learning process. Second, these

heuristic rewards can be inaccurate or overly simplistic. In scenarios such as narrow hallways,

getting physically close to a person may be socially acceptable—or even necessary—yet such

behavior would be penalized under rigid distance-based reward terms that numerous papers

use [4, 6]. Finally, many subtle aspects of human comfort and social appropriateness—such

as not cutting between groups or yielding when appropriate—are dif�cult to quantify or en-

code as explicit reward functions [22]. As a result, Imitation Learning (IL) offers an attractive

alternative by learning from human demonstrations rather than manually specifying desired

behavior. While several IL-based methods have been proposed and tried, the �eld still lacks a

comprehensive evaluation in dense, real-world environments. For example, [41] evaluates in

single-human settings or large open spaces. Further work is needed to robustly demonstrate the

effectiveness of the IL approach for social robot navigation in complex and dynamic scenarios.

Even if the two prior limitations—simulation �delity and reward function design—are ad-

dressed, reliably deploying DRL policies for social navigation in the wild remains a formidable

challenge. As an overview (with more detail in Section 2.5), many existing methods use low-

resolution or narrow �eld-of-view (FOV) sensors [19], require the robot and the humans to op-
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erate at reduced speeds [49], or require structured environments with VICON motion capture

systems for human tracking [68] or localization [75]. Others introduce additional engineer-

ing overhead, such as manual camera-LiDAR calibration [4] or depth estimation via auxiliary

networks [89], which either hinder deployment scalability or introduce perceptual uncertainty.

Furthermore, real-time responsiveness is often lacking, with many systems exhibiting notice-

able reaction delays in practice [6]. These limitations underscore the challenge of developing

mobile robotic systems that are not only effective, but also robust, responsive, and practical for

real-world, unstructured environments.

Thesis Structure. This thesis is organized as follows. We begin by presenting the core back-

ground and related work that frame the scope and motivation of our research. In Chapter 3,

we introduce our novel decision process formulation, which uni�es path tracking with human

avoidance—in contrast to most DRL-based social robot navigation works that neglect static

obstacles entirely. In the same chapter, we describe our implementation of this environment in

both simulation and hardware; the hardware setup itself is a systems contribution, relying on

a single sensor to enable reliable and ef�cient operation. Chapter 4 then presents our original

sample-ef�cient DRL algorithm: Deep Residual Model Predictive Control (DR-MPC) for real-

world social robot navigation [32]. DR-MPC integrates Model Predictive Control (MPC) for

path tracking to accelerate policy learning. We demonstrate the effectiveness of this integration

in both simulation and the real world, showing that DR-MPC can be trained directly in the real

world with less than four hours of data. In Chapter 5, we extend current Imitation Learning

(IL) approaches for social robot navigation to real-world, `in-the-wild' scenarios. Speci�cally,

we show that vanilla Behavioral Cloning (BC) is insuf�cient. We contribute several key de-

sign choices in the training algorithm and model architecture are required to achieve pro�cient

closed-loop performance; we experimentally support these design choices. Finally, we con-

clude with a discussion of future work and outline promising directions for DRL and IL in

social robot navigation.



Chapter 2

Background and Related Works

Fundamental concepts and the approaches that are used and referenced throughout this thesis

are stated in this chapter. Speci�c technical literature related to a project is placed in that

project's section.

2.1 Reinforcement Learning and Imitation Learning

In this section, we provide an overview of the value propositions of Deep Reinforcement Learn-

ing (DRL) and Imitation Learning (IL) pertinent to social robot navigation. A visual repre-

sentation contrasting the two methods can be found in Figure 2.1. Rather than focusing on

technical derivations, we highlight conceptual differences and practical considerations. Core

references for the DRL and IL material used for this thesis include: RL fundamentals [77], Soft

Actor-Critic (SAC) [29,30], Discrete SAC (DSAC) [12], Behavioral Cloning (BC) [65].

2.1.1 Deep Reinforcement Learning (DRL)

Deep Reinforcement Learning (DRL) is a powerful learning framework that optimizes sequen-

tial decision-making under uncertainty. In the context of social navigation, the robot must

choose an action that factors in not only its own objectives but also the behavior of nearby

humans, which the robot can not directly control. Thus, the robot's current action affects fu-

ture observations, which in turn determine the rewards it accumulates. The uncertainty in this

5



2.1. REINFORCEMENT LEARNING AND IMITATION LEARNING 6

Figure 2.1: RL vs BC. This �gure visually contrasts the learning process between RL and BC.
The left side depicts the RL training process, which involves repeatedly interacting with the
environment. The right side shows BC operating in three distinct phases of data collection,

training, and deployment.

problem stems from the humans' reactions to the robot.

More formally, the robot follows a policy� , which induces a distributionp� (� ) over state-

action trajectories� . The goal is to �nd the optimal policy� � that maximizes the expected

cumulative reward:

� � = arg max
�

Ep� (� )

"
TX

t=1

r (st ; at )

#

(2.1)

This objective accounts for the stochasticity in human motion because the environment dy-

namics are embedded inp� (� ). Importantly, model-free methods such as SAC do not require

explicit modeling of the human transition dynamics, which are embedded inp(st+1 jst ; at ). In-

stead, the algorithm learns solely from sampled transitions collected during interaction with the

environment. This is particularly appealing in human-robot interaction settings where accurate

human modeling is very dif�cult. Another note is that while DRL typically requires the policy

to be differentiable, the reward function itself does not need to be. Reward signals can be either

hand-engineered or learned from data, including through approaches such as Preference-Based
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Reinforcement Learning (PBRL) or Inverse Reinforcement Learning (IRL). In PBRL, the re-

ward is inferred from human preferences or rankings rather than explicit numerical feedback.

On the other hand, IRL attempts to recover the reward function from expert demonstrations.

2.1.2 Imitation Learning (IL)

Reward design is a critical component of DRL methods, and heuristics have been used to

attempt to better design rewards for better qualitative navigation [69]. Imitation Learning offers

an alternative that avoids reward design and reward learning entirely. Instead of optimizing

a cumulative return, IL learns directly from expert demonstrations. Given a datasetDexpert

of state-action pairs(s; a� ) generated by an expert, which is typically generated by a human

driver, the goal is to train a policy� to mimic the expert. Behavioural cloning (BC) is the

most prominent IL method to match the policy's behaviour with the expert's behaviour. In

the case of discrete actions, BC typically uses the cross-entropy (CE) loss, which is equivalent

to minimizing the negative log-likelihood (NLL) of the expert's actions under the policy's

distribution. :

Ldiscrete= E(s;a)� D expert[� log(� (ajs))] (2.2)

In BC with continuous action spaces, we typically minimize the mean squared error (MSE)

between the predicted and expert actions:

L continuous= E(s;a)� D expert[jj � (ajs) � ajj 2
2] (2.3)

In this framework, the task objectives are encoded implicitly within the demonstrated be-

havior. The desired outcome is that if the learned policy can reliably reproduce expert-like

actions across encountered states, the resulting robot behavior will resemble that of the expert.

Generally, we require the expert demonstrations to be near optimal because BC on its own has

no systematic way to improve its closed-loop performance. One important note in these BC

loss functions is that we do not require modeling the human because the dataset is generated

through interaction with the environment.
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One of the key open challenges in IL is effective policy representation, especially when

expert behavior is multi-modal. This issue is particularly relevant for social robot navigation,

where multiple valid trajectories often exist in a given scenario. For instance, if a person is

standing in the middle of the path, a robot could reasonably go around them on the left, on

the right, or wait to see if the person moves. Another reason social robot navigation exhibits

multi-modal behavior is the variability in expert demonstrations, both across different experts

giving demonstrations and within the same individual over time. This variation arises from

personal preferences and occasional human inconsistency. As a result, it is prudent to use

policy representations that can capture a diverse set of socially appropriate behaviors.

BC methods that learn policies by regressing directly to continuous actions can struggle in

such settings. When the same state corresponds to multiple valid expert actions, minimizing

mean squared error (Equation 2.3) tends to produce an averaged action. In the example of a

human standing in the middle of the path, if the expert demonstrations only include going left

or right, the policy might learn to drive straight ahead—an unsafe behavior that could result

in a collision. Discretizing the action space and optimizing with the CE loss (Equation 2.2)

can better handle multi-modal behavior by allowing the policy to assign probability to multiple

distinct actions. The tradeoff, however, is reduced action precision due to coarse discretization.

More expressive approaches such as Implicit Behavioral Cloning (IBC) [20] learn an energy

function over actions and sample from it, capturing complex and discontinuous distributions.

Similarly, diffusion-based methods [11] model expert behavior through a generative denois-

ing process, naturally accommodating multi-modality during sampling. Given the inherently

multi-modal nature of expert demonstrations in social robot navigation, it is important for both

the model architecture and the policy's action space to explicitly account for this characteristic.

2.1.3 Comparison and Practical Tradeoffs

Choosing between DRL and IL depends on a number of factors. IL is generally preferred

when the reward function is dif�cult to specify—especially in tasks involving nuanced human

preferences or social norms. However, IL requires expert data, which is often expensive to

collect in terms of time and effort. The robot is often manually teleoperated to collect the data.

One way to autonomously collect data for IL model development is to simplify the scenario
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so that an expert policy can be simpli�ed; we later use this methodology to explore design

choices.

By contrast, DRL—especially in simulation—enables fully autonomous data collection.

Failed episodes can be automatically reset, and the policy can iteratively improve through

trial and error without human supervision. Although this automated procedure is possible in

simulation, in the real world, careful supervision is required and human effort is often required

to reset the episode.

Both DRL and IL have proven useful in social navigation contexts, where modeling human

behavior is challenging and interaction dynamics are complex. Their ability to jointly reason

over robot and human actions—either through sampled rollouts or demonstration data—makes

them powerful tools for building socially competent robot navigation systems.

2.2 Social Navigation Simulators

Several 2D and 3D simulators have been and continue to be developed for social robot navi-

gation. Simulators offer a way to safely test and experiment with different approaches. Sim-

ulators also offer the possibility, in theory, of developing “sim-to-real” approaches, which can

substantially reduce the amount of real-world learning and mistakes that robots make. A pop-

ular simulator for social navigation is the 2D CrowdNav simulator [5], designed for waypoint

navigation in open spaces with the human policy de�ned by ORCA [84]. The ORCA model is

heavily used in literature to represent the human policy because of the guarantee: if all agents

in the scene follow ORCA, no collisions will occur. CrowdNav has facilitated substantial

DRL-based social robot navigation model development [8,19,49–51,56,89,96,99].

Unfortunately, the cooperative nature of the ORCA policy creates a large sim-to-real gap

because humans in the real world have varying levels of cooperation and exhibit cooperation

in different ways. Prior work has shown that training a DRL policy in environments where

humans follow ORCA and that the robot is visible to the humans often leads to dangerously

aggressive behavior: the robot learns to push humans aside to reach its goal [50]. This be-

haviour is also a result of the dif�cultly of reward tuning, where weighing the goal reward too

heavily will cause more aggressive behaviour. Consequently, theinvisible testbed—when the
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robot is invisible to the humans—was adopted as a benchmark standard [49,50,89]. Although

the invisible testbed reduces the DRL agent's aggression because the robot can no longer force

the human modeled with ORCA out of the way, the problem becomes equivalent to decoupled

planning where the DRL agent does not learn how its action will in�uence humans [50]; if the

robot can simply accurately predict future human motion, the robot can succeed at navigation.

Looking beyond CrowdNav, other simulators use alternative human motion models, such

as variations and combinations of the Social Forces Model (SFM) and behaviour graphs to

emulate more realistic human behaviour [42,83,92]. Unfortunately, even the latest simulators

struggle with human realism and often exhibit unsmooth human motions and enter deadlock

scenarios. The reason for these behaviours is because models such as ORCA and SFM are

reactive controllers and only consider the current timestep: the notion of waiting for others

to pass and not progressing to my own goal at this moment does not exist, which is why

deadlocks can occur. These de�ciencies create a signi�cant sim-to-real gap, where models

trained in simulation often perform differently–—and usually worse–—when applied in the

real world [97]. While these simulators have been essential tools for advancing DRL model

architectures, the most accurate data for DRL social navigation is real-world data. So, sample-

ef�cient DRL algorithms are valuable because it is then possible to directly train the DRL

policy in the real world, thus avoiding unnecessary inductive biases introduced by simulators.

Although there has been a shift from 2D simulators such as CrowdNav to more visually

rich 3D simulators such as [42] and [92], the realism of 3D human motion remains limited.

Coordination between navigation algorithms such as ORCA or SFM and human animation is

often hard-coded. For example, when a human navigates toward a goal using ORCA—which

outputs actions in the form of(vx ; vy)—the simulator simply plays a walking animation. This

can lead to unrealistic motion, such as a character pivoting abruptly on one foot during a sharp

turn, which does not resemble natural human movement. Another issue lies in the abrupt tran-

sitions between behavior animations. For instance, a human walking normally may suddenly

stop, face the robot, and raise their hands in fear once the robot reaches a certain distance, as

seen in [66]. These hard-coded behaviors fail to capture the �uidity and subtlety of real human

reactions. This limitation has signi�cant implications: it makes it dif�cult to develop models in

simulation that rely on more than just the human's(x; y) position. If a model aims to leverage
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richer cues—such as walking gait or skeletal posture—for improved predictive power, cur-

rent simulation environments fall short. The lack of realistic and dynamically coherent human

motion makes simulation an inadequate tool for such tasks.

2.3 Deep Reinforcement Learning Social Navigation Models

The �eld of DRL social navigation, also commonly referred to as crowd navigation, focuses

on enabling a robot to navigate among humans in open environments. Over the past decade,

signi�cant progress has been made in incorporating Machine Learning (ML) advancements to

enhance DRL social navigation model architectures. These architectures primarily aim to rea-

son about crowd dynamics in both spatial and temporal dimensions while ensuring the model

is invariant to the order of human inputs. The permutation invariance to humans is a unique

consideration for the ML models: given a set of humans, the output of the model should be the

same regardless of the order of the sequence.

Early models considered pairwise comparisons between the robot and each human, using

sequence-invariant operators such as maximum and minimum [9,10]. Another early approach

de�ned an ordering convention based on the distance of each human to the robot [19]; however,

such heuristic de�nitions of importance are prone to failure in edge cases. For instance, a

human who is farther away but walking toward the robot is likely more relevant than a closer

human who is walking away from the robot.

Consequently, a major shift in model architectures occurred with the introduction of atten-

tion mechanisms to learn the relative importance of each human [1, 5, 96]. These mechanisms

enable the robot to generate a crowd embedding for decision-making based on learned atten-

tion scores. This design is advantageous because attention allows the model to reason about

both robot-human and human-human interactions.

Concurrently, Graph Neural Networks (GNNs) emerged as a popular alternative [1, 4, 49].

Representing a crowd as a graph is a natural formulation, and message-passing algorithms

within GNNs facilitate complex relational feature learning.

Building on these models, recent advancements have incorporated temporal elements through

spatio-temporal graphs and incorporating trajectory histories of both humans and the robot into
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the attention mechanisms [50,89], enabling reasoning at the trajectory level rather than at indi-

vidual time steps.

One major limitation of a purely ML–driven model design is the lack of sample ef�ciency in

the resulting DRL algorithms. While the absence of inductive biases allows the model to learn

from data without constraints, it also means that training requires substantial amounts of inter-

action data—typically limiting learning to simulation. A DRL agent initialized with random

behavior must explore extensively, often relying on chance to discover successful strategies

before it can begin exploiting them effectively. In DR-MPC (Chapter 4), we demonstrate that

learning can be restricted to the human avoidance component, while providing a strong induc-

tive bias for path tracking through MPC. This leads to signi�cantly faster training and strong

performance, both in simulation and in the real world.

Latest developments in the past couple of years attempt to leverage foundation models for

navigation [58,87,88]. These models overcome the human permutation invariance problem by

semantically reasoning about the scene. These models can also enable zero-shot navigation;

however there are tradeoffs. The foundation model can semantically reason about the scene

but can not geometrically analyze the situation to provide precise geometric paths or velocity

commands.

In our thesis, we do not focus on developing a novel architecture for traditional waypoint-

based crowd navigation. Instead, we leverage SOTA architectures for processing human-

related inputs and incorporate them into our work.

2.4 Imitation Learning for Social Robot Navigation

Compared to DRL-based approaches, fewer works explore IL for social robot navigation. The

primary reason is the need for expert demonstrations, which are costly to obtain—typically

often requiring teleoperation of the robot. Surprisingly, few studies explore IL entirely in sim-

ulation [94]. One hypothesis is that if one is already teleoperating an agent for data collection

in simulation, one might as well collect real-world data directly to avoid duplicating effort.
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2.4.1 Behaviour Cloning for Social Robot Navigation

A straightforward approach to IL to social robot navigation is to use BC, where a model is

trained via supervised learning to map observed states to expert actions. Several works have

adopted BC for social robot navigation [31,41,64,67,78], differing in their choice of datasets,

robot platforms, network architectures, and action representations. For example, [78] performs

BC directly from raw depth images, while [41] processes 2D LiDAR scans into bird's-eye

view (BEV) images. Given that both inputs are image-based, most of these methods rely on

Convolutional Neural Networks (CNNs) as the primary feature extractor. However, the models

differ in how they fuse additional contextual information, such as the robot's goal pose or

recent trajectory. The output representation also varies: [67] predicts a sequence of future

2D trajectory waypoints, whereas [41] directly regresses low-level velocity commands for the

robot. Despite the variation in design choices across these works, such as input modality,

network architecture, and action representation, there is no clear consensus on a universally

superior approach, as most approaches do not benchmark against each other because each

paper's application is unique, from the sensors on the robot to the testing environment.

An exception that does perform useful ablations is [94], which conducts all experiments in

simulation—enabling more controlled benchmarking and evaluation. They use the Dynamic

Window Approach (DWA) as an expert planner to generate demonstration trajectories within

the PEDSIM crowd simulation environment [27]. To ensure demonstration quality, trajectories

involving collisions are �ltered out, an approach commonly referred to as Filtered Imitation

Learning. For input representation, they transform raw LiDAR point clouds into two separate

occupancy grids: one encoding pedestrian velocity in the robot's x-direction and the other

in the y-direction, with empty cells set to zero. This processed representation of dynamic

agents was found to improve policy performance, likely due to improved sample ef�ciency

compared to learning directly from raw sensory input. As we later discuss in Section 2.5,

limitations in real-world sensing pipelines and hardware often motivate end-to-end learning

from raw inputs to control commands; however, this work suggests that learning from more

structured intermediate representations can be bene�cial when possible.

Most datasets used in these works were collected in real-world settings and span between
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one and ten hours of demonstration data. However, the resulting policies are often evaluated

in constrained scenarios with limited human interaction [35, 41]. Consequently, while IL can

theoretically encode socially compliant behavior from demonstrations, its practical ability to

generalize socially appropriate navigation in diverse real-world settings is not well established

in the literature.

We motivated earlier that social navigation inherently involves multi-modal behaviors;

however, many of the aforementioned BC approaches rely on regression with a MSE loss,

which implicitly assumes a unimodal Gaussian distribution over actions, which as we previ-

ously discussed may produce unsafe actions. To address this, [31] explored discretizing the

heading direction in the action space, allowing the model to represent multiple valid action

modes, which led to improved performance.

2.4.2 IL Leveraging Existing Pedestrian Datasets

Several works aim to leverage larger datasets originally intended for pedestrian trajectory fore-

casting. For example, [48] uses the New York Grand Central dataset, containing 12,000 human

trajectories, and trains a policy using Generative Adversarial Imitation Learning (GAIL) [36].

While their results qualitatively demonstrate socially compliant trajectory prediction, the pol-

icy is not evaluated in a closed-loop control setting where the robot physically navigates among

humans.

Similarly, [31] uses the ETH pedestrian dataset [63] to train a model that outputs instanta-

neous speed and direction commands rather than full future trajectories. They evaluate their

method in the invisible testbed, where a robot path is simulated from a start to a goal location,

and the trajectory is deemed successful if it avoids collisions with the pre-recorded human tra-

jectories. Importantly, because the humans in the dataset cannot react to the robot, this setup

lacks interaction and tests only passive compliance.

More general-purpose datasets for social robot navigation are beginning to emerge. [59], for

example, collected over 20 hours of human navigation data using a head-mounted sensor suite.

The demonstrator walked in a socially compliant manner, aiming to enable cross-embodiment

learning where models trained on human-centered data may generalize to robotic navigation

tasks; however, this cross-embodiment learning was not done.
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2.4.3 Other Applications of IL for Social Robot Navigation

IL and supervised learning have been used in other facets of social robot navigation. For

example, IL is sometimes used in support of DRL for social navigation. In some works, IL is

used to pre-train a DRL policy before �ne-tuning with DRL [4,6]. These expert demonstrations

are typically generated using the ORCA algorithm. However, because of the use of ORCA, this

method of pre-taining does not apply to robots with differential-drive kinematics.

In [93], GAIL is used to learn an expert state-action distribution, which is then incorpo-

rated as part of the reward function for DRL. This hybridization allows the agent to bene�t

from expert demonstrations while still re�ning its behavior through exploration based on other

heuristic-designed rewards.

Although not designed for dense social navigation, [13] applies BC to learn navigation

commands based on human gestures. By interpreting arm gestures captured from camera im-

ages, the robot can respond appropriately, such as turning left or right when prompted.

Hirose et al. propose a supervised learning approach that forecasts human motion as a func-

tion of the robot's intended future actions [35]. Their system searches for an action sequence

that not only optimizes the robot's navigation objectives but also minimizes the divergence be-

tween predicted pedestrian trajectories under robot motion versus no robot motion (i.e., staying

still). This human-centric optimization framework re�ects a growing interest in minimizing so-

cial disturbance or discomfort [22,56], marking a promising direction for future IL-based social

navigation methods.

Finally, recent works have begun leveraging vision-language models (VLMs) for social

navigation, using IL as a distillation mechanism to train deployable policies [34, 58]. Since

VLMs are large and computationally intensive, they are not well-suited for real-time inference

on robotic platforms. Instead, these approaches perform of�ine processing using VLMs to

extract expert actions or score trajectories from diverse data sources. The resulting supervision

is then used to train smaller, lightweight policies capable of ef�cient real-time execution while

retaining the VLM's social reasoning capabilities.
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2.5 Real-world Social Navigation Deployment

There is currently no de facto hardware platform for real-world deployment of socially aware

robot navigation, so prior work rely on different hardware systems with varying capabilities.

Although many algorithms perform well in simulation, building a physical system that robustly

handles social scenarios remains a major open challenge. From a systems perspective, real-

world deployment can be viewed as a constrained optimization problem balancing �ve primary

objectives: (1) maximizing the robot's �eld-of-view (FOV), (2) improving the quality of human

detection and tracking, (3) reducing inference latency, (4) minimizing hardware and operational

cost, and (5) ensuring ease of integration and setup. Each of these objectives is associated

with critical constraints—for instance, insuf�cient FOV or unreliable human detection leads to

unavoidable unsafe behavior, while excessive hardware cost or complexity hampers adoption

and reproducibility.

Many existing systems fail to simultaneously satisfy these constraints, limiting their real-

world applicability. Sensor FOV is often constrained: [4, 6, 50, 58, 75, 79, 89] rely on narrow-

angle sensors such as a single camera, making it impossible to construct potentially important

parts of the scene for navigation. Human detection quality is also compromised in systems

using 2D LiDAR human detection methods [19, 49]. Some methods such as [89] rely on pre-

trained depth estimation networks to extract the real-world positions of the humans, which is

signi�cantly less reliable than LiDAR for accurate human localization.

In addition to perception, many approaches have limitations in computational ef�ciency.

For example, [50,58] of�oads policy inference to a remote server, introducing network latency

and requiring a stable connection, which is impractical in outdoor environments. Others such

as [4,6,49,58,75,79,89] require humans to move slowly to accommodate limited robot speeds

and slow inference pipelines. Such constraints greatly limit the deployment of such social robot

navigation methods in real-world environments.

The setup complexity of these systems further restricts their scalability. Multiple systems

[68, 75] depend on VICON motion capture systems for either robot localization or human

tracking—an impractical requirement in real-world venues such as shopping malls, airports,

or hospitals. Others rely on multi-sensor fusion, combining LiDAR and camera data [4, 19],
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which necessitates careful and often brittle calibration procedures. Even slight misalignments

between sensor extrinsics can cause large errors in human localization, making real-world

deployment error-prone and labor-intensive.

Ultimately, designing a real-world social navigation system that is safe, fast, accurate, and

easy to set up remains a signi�cant open challenge. The ideal system would need to generalize

across diverse environments and user behaviors without relying on specialized infrastructure,

all while running ef�ciently on onboard compute.

Furthermore, these real-world considerations pose signi�cant challenges for sim-to-real

transfer. Most simulation environments fail to capture critical deployment constraints such as

limited �eld-of-view, latency, sensor calibration errors, and imperfect human detection. While

some simulators attempt to emulate constrained FOV [49,50], other limitations—such as com-

pute bottlenecks, sensor noise, and multi-sensor synchronization—are rarely modeled. Another

overlooked factor is the delay in state generation for the policy: generating the point cloud,

performing human detection and tracking, and executing the model all introduce latency. This

contrasts with simulation, where the environment is typically paused between timesteps to al-

low instantaneous policy inference. Such discrepancies make it dif�cult to directly transfer

policies trained in simulation to real-world systems without extensive �ne-tuning or additional

engineering workarounds.

2.6 Teach and Repeat

Teach and Repeat (T&R) is a foundation for autonomous mobile robotic deployment, espe-

cially in environments where GPS is unavailable or unreliable [24]. From a practical stand-

point, T&R enables a robot to retrace paths demonstrated by a human operator by leveraging

sensor data collected during a “teach” phase to localize and thus “repeat” the path during sub-

sequent missions. Over the past decade, the Visual Teach and Repeat (VT&R) framework

has matured through several iterations, culminating in the modern and modular VT&R3 sys-

tem [24]. VT&R3 integrates a �exible architecture that supports a variety of sensor con�gura-

tions, including stereo cameras, LiDAR, and RADAR, making it highly suitable for long-range,

infrastructure-independent navigation tasks.
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Sehn et al. [71] introduced a LiDAR-based extension to VT&R3 that employs a sample-

based motion planner in a curvilinear coordinate system. By penalizing both obstacle proximity

and lateral deviation, the robot can generate smooth trajectories that safely navigate around

static obstacles while minimizing the distance to the taught path. The next step towards robust

T&R is to enable repeats in dynamic environments where humans may navigate alongside the

robot. This multi-objective problem of path tracking with human avoidance is the core focus

of this thesis. Our developed systems to achieve this goal build upon T&R.



Chapter 3

The Environment in Simulation and

Hardware

In this chapter, we introduce our decision process formulation for social robot navigation,

which combines path tracking and human avoidance. This thesis relies on two key compo-

nents: a simulation environment and a hardware system. Simulation enables fast iteration and

quantitative benchmarking, while the hardware setup demonstrates that the developed approach

is valid and can be feasibly deployed for the real world, which is the ultimate goal for social

robot navigation.

3.1 Decision Process Formulation

The prominent DRL social navigation MDP in [5] achieves two objectives: human avoidance

and waypoint navigation. This formulation suffers from jerky waypoint transitions and does

not account for static obstacles. We rede�ne the MDP to use path tracking with virtual corri-

dors instead of waypoint navigation, addressing both issues. A visual of our decision process

formulation is shown in Figure 3.1. We de�ne the reference path and two bounding corridor

paths—staying within these corridors implies safety from static obstacles. This representation

generalizes to environments with any static obstacle con�guration. For this thesis, we simplify

the problem and reduce the state space dimensionality by assuming a constant corridor width.

With a path representation, we can handle short and long navigation goals. Additionally, path

19
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Figure 3.1: Our Simulator. A visual of our simulator where we combine path tracking within
virtual corridors and human avoidance.

tracking reduces the amount our DRL model needs to learn, as global planning in a mapped

environment is a mostly solved problem that provides the optimal navigation homotopy among

typical static obstacles. Furthermore, by setting up the problem as path tracking, we can also

leverage high-performing non-learning-based models such as MPC for further learning reduc-

tion. Lastly, practically speaking, we are able to leverage T&R for ef�cient real-world deploy-

ment on long navigation tasks.

3.1.1 State Space

Path tracking and human avoidance require independent sets of information; thus, we construct

our state spaceS = fS PT; SHAg, whereSPT is the state information for path tracking andSHA

is the state information for human avoidance.

As in [50], we exclude human velocities due to the dif�culty of estimating these quan-

tities in the real world and assume a constant human radius. The robot frame is de�ned

with the x-axis aligned to the heading, the z-axis pointing upward (opposite gravity), and

the y-axis following the right-hand rule. If at timet there arent visible humans:SHA =
n

v t � H :t � 1; r t � H :t ; qt � H 1 :t
1 ; : : : ; qt � H n t :t

n t

o
, wherev t � H :t � 1 is the robot's past commanded linear

and angular velocities from timet � H to t � 1, r t � H :t is the robot's past(x; y) positions in

the current robot frame from timet � H to t, andqt � H i :t
i is thei th visible human's past(x; y)

positions in the current robot frame from timet � H i to t, capped at lengthH . Standard DRL
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social navigation assumes a fully observable environment that results in no �uctuation for his-

tory length, but in the real world, human tracking is prone to identity switches and humans may

enter or leave the scene, so �uctating history lengths is important to incorporate into the state

space.

For path tracking, we select a local representation of the path similar to [37], which gen-

eralizes to any path length. Given thatp l is the closest localized node to the robot,SPT =

[p l � L ; : : : ; p l ; : : : ; p l+ F ], whereL is the look-back andF is the look-forward parameter. These

path nodes are also transformed into the current robot frame. Based on the robot's velocity

limits, the discount factor, and the MDP's time step, we approximate the number of local path

nodes to include inSPT so that the cumulative reward approximation error is negligibly small.

For example, given the discount factor, we �rst determine the effective time horizon beyond

which contributions to the return are negligible; we then estimate the distance the robot can

travel within this horizon and include the corresponding number of path nodes. While a fully

observable MDP with a local path representation would require indexing path nodes relative to

the global path to prevent state aliasing, this format does not generalize well to paths of vary-

ing lengths. A full path representation is also not ideal because sequence model computations

would scale with path length. Thus, we opt for a local path representation in the current robot

frame, accepting small approximation errors.

In our state construction, we exclude any notion of “time into episode” inS. In path

tracking and human avoidance, time should not in�uence the optimal action. Therefore, when

the timeout termination condition is reached, we perform Partial-Experience Bootstrapping

(PEB) as proposed by [61].

3.1.2 Actions

Our DRL agent interacts at the level of velocity. Our action space for a differential drive robot

is a linear and angular velocity:a = ( v; ! ).
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3.1.3 Rewards

As in our state space, our rewards are divided into the two tasks for this multi-objective prob-

lem. Our reward function considers path advancement, path deviation, goal reaching, corridor

collisions, small speeds, human collisions, and human disturbance. Due to the strong reliance

on reward shaping in this problem, we manually tune hyperparameters to obtain qualitatively

acceptable behavior.

r = rpa + rdev + r �
goal + r �

cor-col + r �
act + r �

hum-col+ rdist; (3.1)

The path-tracking reward terms are de�ned as follows, where rewards marked with an

asterisk are terminal rewards:

• Path advancement:rpa = 5� s, where� s is the arclength progress along the path.

• Deviation: rdev = 0:5dxy + 0:03jd� j, wheredxy is the Euclidean distance andd� is the

angular offset from the closest point on the path.

• Goal� : r �
goal = � 5 if the heading difference exceeds a speci�ed threshold, and0 other-

wise. This design intentionally omits a positive goal-reaching reward to discourage the

agent from rushing toward the goal at the expense of precise path following.

• Corridor collision � : r �
cor-col = � 10for colliding with the corridor.

• Minimal actuation � : r �
act = � 20 if the sum of the robot's pastH speeds falls below a

threshold. This term prevents the robot from adopting a stationary policy out of excessive

caution (i.e., avoiding exploration to minimize collision risk). We acknowledge that in

extremely dense environments, remaining still may indeed be optimal, in which case this

reward can be removed. Thus, it serves primarily as a reward-shaping term to encourage

reasonable movement during training in sparser environments.

For human avoidance, we align our rewards with the two most important principles of

human-robot interaction (HRI): safety and comfort [22].

• Human collision� (safety): r �
hum-col = � 15for colliding with a human.
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• Disturbance penalty (comfort): rdist = �
P n t

i =1 (5:6j� vi
hj + 3:5j� � i

hj), which penal-

izes the robot for causing changes in a human's velocity (� vi
h) and heading direction

(� � i
h). In [56], it was demonstrated that using this disturbance penalty, it is possible to

train in the visible testbed—when the robot is visible to the humans—while still achiev-

ing satisfactory qualitative results.

These velocity and heading changes are computed relative to the human's state at the

previous time step. Although this method inherently penalizes situations where humans

intentionally change direction (an event beyond the robot's control), over a large number

of trials such willful changes introduce only a constant bias across all models, which

does not affect the optimal behaviour since DRL maximizes the expected cumulative

reward.

Lastly, we augment these base rewards with two safety layers. We introduce safety-collision

and safety-corridor termination conditions, which are more conservative versions of the human-

collision and corridor-collision penalties. For example, if the robot and human have a sepa-

ration distance of 0.1m, the safety-collision condition is raised. We assign the same penalty

to the robot when it triggers a safety violation. While a safety violation does not guarantee a

collision with a human or static obstacle, it is highly likely, thus we are slightly reducing the

robot's theoretical performance limit for safety bene�ts. Such safety measures are common in

robotic operations [74].

3.2 Simulator

We build on the CrowdNav simulator from [49], which models humans as 2D circles; the

humans follow the ORCA policy. CrowdNav is highly con�gurable, allowing us to specify

parameters such as the number of humans, their initial positions, and goal locations.

We augment the simulator to support path tracking in place of waypoint navigation. Our

modular path-tracking module supports custom paths, localization, and auxiliary signals, such

as distance to the path and progress along the path, necessary for reward computation. We

also implement an MPC-based path-tracking controller as described in [71]. A visual example
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of the simulator is shown in Figure 4.3, which depicts the primary paths used throughout this

thesis: clockwise (CW) circle, counter-clockwise (CCW) circle, and straight paths. The black

arrows along each path indicate the spacing of nodes used forSPT, while the red lines represent

the corridor boundaries that the robot is expected to stay within. The robot is shown in yellow,

and the humans are shown in grey. These four paths were chosen to facilitate cyclic training,

where the end of one path naturally leads to the start of the next—e.g., the end of path 1

connects to the start of path 2, continuing through to path 4, which loops back to path 1. We

adopt this continuous training setup in the real world as well. Further details on the simulator's

usage is provided in later sections.

3.3 Hardware System

The complete hardware system is illustrated in Figure 3.2, which shows the full pipeline from

a single LiDAR sensor to the �nal robot action. The following subsections describe each

component in detail.

Figure 3.2: Full Hardware Pipeline. The Ouster OS0-128 LiDAR generates a detailed
re�ectivity image and a point cloud. The re�ectivity image allows us to perform human

tracking and the point cloud enables localization, path tracking, and depth recovery. With the
state constructed from a single sensor, which we pass into an action-generation module, such

as a DRL policy, which is then fed into the robot.
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