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Autonomy is a foundational capability that frees robots from con�ned workspaces and lets them

interact with the open world. The traditional approach to robot autonomy has relied heavily on a

world-centric approach: building a global, geometrically accurate map and using it for localization

and planning. However, this approach often proves inadequate or impractical in many real-world

applications. This thesis adopts a robot-centric perspective to autonomy, addressing the challenges

across three distinctive scales: (1) Globally, we learn to compress visual experiences into sparse,

topological scene representations for long-horizon navigation; (2) At the semi-local level, we

develop perception systems that reason about the traversability of the terrains around the robot to

achieve robust o�-road navigation; (3) Locally, we learn end-to-end perception-action models to

navigate a robot to any object with high precision. We demonstrate the real-time performance of

our approaches across diverse robotic platforms, highlighting the applicability and generalizability

of these methods.
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Chapter 1

Introduction

Autonomy is one of the oldest and most extensively studied areas in robotics. Its rich history

underscores its signi�cance in the past and hints at its growing importance in the future. With

increasing labor shortages, heightened focus on employee safety, and rising demands for e�ciency

in logistics, autonomous robots are expected to take on roles traditionally performed by humans,

such as transportation, inspection, and manipulation. But are our robots truly ready to meet the

challenges of this exciting new world?

To answer this question, let’s �rst examine how current mobile robots operate. These robots

typically rely on geometric sensors like LiDAR and depth cameras to perceive their surroundings.

During the mapping phase, they collect sensor data to construct an accurate geometric map of the

environment [73, 165]. In the subsequent deployment phase, the robots localize themselves within

this map and navigate toward speci�c goals. But what’s the limitation of this approach?

First, building and maintaining an accurate geometric map is challenging. A robot must move

slowly to collect dense LiDAR and depth data to create an accurate map. However, consider an

emergency response vehicle tasked with rescuing a soldier in a desert. Such a vehicle must drive

at high speeds over hilly terrain with unknown hazards and no prior exposure to the environment.

1



2 Chapter 1. Introduction

The traditional mapping approach struggles to handle the vehicle’s fast movements due to sparse

and distorted sensor readings. Now, imagine another scenario where the robot is equipped with

only a low-resolution monocular RGB camera, lacking LiDAR or depth sensors. Traditional visual

mapping methods [118] would fail in this case, as they rely on detecting su�cient features for

reconstruction, which is di�cult with low-resolution images.

Second, the world is more complex than just geometry. While geometry provides information

about the shape of the environment, it fails to convey the semantics. For example, a robot can drive

through grass but must avoid rocks, even though grass and rocks may have similar geometric sizes.

Similarly, a robot must slow down on a snow-covered road, even though it appears geometrically

similar to a dry road. Furthermore, mobile manipulators, such as humanoid robots and autonomous

forklifts, introduce new opportunities for automation. Consider a forklift loading a pallet: accurate

positioning is essential for inserting the forks into the pallet slots. Thus, as robots are increasingly

deployed in real-world scenarios, semantics and object-centric reasoning become crucial for

e�ective navigation and interaction.

In this thesis, we explore robot autonomy beyond the traditional paradigm of geometric

mapping and planning. We adopt a robot-centric approach, designing systems that enable robots

to navigate robustly and accurately without relying on a global geometric map. Removing the

assumption of a global geometric map poses challenges at multiple scales. We address these

challenges in the following chapters:

In Chapter 2, we develop non-metric, global world representations by distilling a robot’s

visual experiences. Humans can navigate large-scale environments e�ortlessly without relying on

metric maps. Inspired by human cognition, we design navigation systems that use topological

scene representations for mapping and planning. These systems distill robot experiences by

learning reachability and behaviors, saving orders of magnitude of memory while being robust. By

training in diverse, visually realistic simulation environments, we demonstrate zero-shot transfer
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to real-world robots and environments.

In Chapter 3, we focus on terrain modeling for o�-road autonomy. Mobile robots operating in

harsh environments, such as deserts and jungles, must adapt to unfamiliar terrain without prior

exposure. The traversability of these environments depends on semantics (e.g., distinguishing grass

from rock), geometry (e.g., identifying �at ground versus steep inclines), and robot capabilities

(e.g., horsepower and suspension). We design a scalable data generation pipeline to build high-

�delity, robot-centric terrain models. We also develop perception systems capable of inferring

these terrain models in real time using onboard sensors, demonstrating their performance on

real-world, passenger-sized vehicles.

In Chapter 4, we tackle the “last-mile” task by enabling robots to locally navigate to objects

accurately without relying on a metric map or object models. High-precision navigation is critical

for tasks requiring exact robot positioning, such as docking, inspection, or manipulation. We adopt

a robot-centric parametrization for goal speci�cation and design a multi-modal transformer model

for egocentric perception and control. By training this system in diverse, realistic simulation

environments, it can be deployed directly in the real world without further �ne-tuning. We

envision these systems being used across various mobile robot platforms for high-precision mobile

manipulation tasks in the future.
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Chapter 2

Global Navigation via Robot-aware

Topological Mapping and Planning

There has been an emergence of learning-based approaches [17, 30, 89, 140, 176] that enable

embodied agents to navigate with vision. Compared to the traditional mapping, localization and

planning approach [165] that relies on a metric map, these learning-driven systems leverage latent

maps or topological maps as scene representations. This eliminates the necessity of meticulously

reconstructing an environment which requires expensive or bulky hardware such as a laser scanner

or a high-resolution camera. While these approaches show the promises of robots navigating

beyond a conventional 2D/3D maps, the problem remains challenging because i) they are hard to

scale, ii) they are fragile due to localization error, actuation noise and dynamic obstacles and iii)

they usually assume a discrete action space. This makes it challenging to deploy such systems on

real robots.

In this chapter, we tackle these challenges by building memory-e�cient topological navigation

systems that generalize to real-world robots and scenes. To improve the scalability, we present

two key ideas: (i) learning controller-dependent reachability to discard redundant information

5



6 Chapter 2. Global Navigation via Robot-aware Topological Mapping and Planning

and (ii) learning behavior embeddings to compress long-horizon visual trajectories. To deploy

such systems in the real world, we leverage two-stage hierarchical controllers and train models

in realistic simulation environments. Our systems are memory-e�cient, adhere to the robot’s

kinematics, and can handle dynamic obstacles.

2.1 Learning Controller Reachability for Scalable Topologi-

cal Navigation

In this section, we present a simple and intuitive solution for e�cient topological navigation. We

show that by accurately measuring the capability of a local controller, robust visual topological

navigation can be achievedwith sparse experiences (Fig.2.1). In our approach, we do not assume the

availability of a global coordinate system or robot poses, nor do we assume noise-free actuation or

static environment. This minimalistic representation only has two components: a local controller

and a reachability estimator. The controller is responsible for local reactive navigation, whereas

the reachability estimator measures the capability of the controller for landmark selection and

long-term probabilistic planning. To achieve this, we leverage the Riemannian Motion Policy

(RMP) framework [127] for robust reactive control and deep learning for learning the capability

of the controller from data. We show that with both components working in synergy, a robot can

i) navigate robustly with the presence of nonholonomic constraints, actuation noise and obstacles;

ii) build a compact spatial memory through adaptive experience sparsi�cation and iii) plan in the

topological space probabilistically, allowing robot to generalize to new navigation tasks.

We evaluate our approach in the Gibson simulation environment [178] and on a real RC

car. Our test environments contain a diverse set of real-world indoor scenes with presence of

strong symmetry and tight spaces. We show that our approach generalizes well to these unseen
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start

goal

…

Reachability Estimator

Local Controller

Figure 2.1: Overview of our method. The local controller drives the vehicle towards a given target
image, and the reachability estimator plans a path by combining multiple experiences (colored
arrows on the map) to provide the controller a sequence of target observations (bo�om le�) to
follow. The vehicle is able to navigate robustly in the real environment (right) while avoiding
unseen obstacles (red rectangle and circle). The model is trained entirely in simulation.

environments and surprisingly well to real robots without �netuning. Scalability-wise, our spatial

memory grows only when new experiences are unseen, making the system space-e�cient and

compute-e�cient.

2.1.1 Related Work

Cognitive spatial reasoning has been extensively studied both in neuroscience [43, 63, 121], and

robotics [88, 114, 166]. The Spatial Semantic Hierarchy [88] divides the cognitive mapping process

into four levels: control, causal, topological and metric. In our method, the local controller operates

on the control level, whereas the reachability estimator reasons about causal and topological

relationship between observations. We omit metric-level reasoning since we are not concerned

about building a metric map.

Experience-driven navigation constructs a topological map for localization and mapping

[17, 41, 54, 104, 114]. Unlike SLAM that assumes a static environment, the experience graph can
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also be used for dealing with long-term appearance changes [99]. This line of works mostly focus

on appearance-based localization and ignore the control aspect of navigation, and assume that a

robot can always follow experiences robustly. This does not usually hold in unstructured indoor

environments, where it is crucial to design a good controller while considering its capability.

Semi-Parametric Topological Memory (SPTM) [140, 141] is a recent work that adopts deep

learning into topological navigation. Similar to SPTM, we build a topological map through past

experiences. Unlike SPTM that uses image similarity as a proxy for reachability, we measure the

reachability of a controller directly. This signi�cantly improves robustness and opens opportunities

for constructing sparse maps.

There have been recent works studying visual trajectory following that handles obstacles

[13, 70], actuation noise [89], or with self-supervision [122]. Our approach di�ers from them in

that our trajectory follower extends seamlessly to probabilistic planning. Our method also handles

obstacles and actuation noise well, thanks to the RMP controller that models local geometry and

vehicle dynamics.

Recent works on cognitive planning [61, 62] show that a neural planner can be learned from

data. However, assumptions such as groundtruth camera poses are available with perfect self-

localization are unrealistic. The use of grid map also limits its �exibility. Another line of research

uses reinforcement learning to learn a latent map [115, 116], but it is data-ine�cient and cannot be

easily applied to real robots. In contrast, our planner is general and can adapt to new environments

quickly. It bears a resemblance to feedback motion planning system such as LQR-Trees [163],

where planning is performed on the topological map connecting reachable state spaces with visual

feedback control.
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Dense trajectory

Sparsified trajectory
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Build
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Plan
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ocurrent

RE

C

Train Confident? oactive

Figure 2.2: System overview. Given a controller C, we train a reachability estimator RE. RE is
used for sparsifying incoming trajectories, building a compact topological map and planning a
path. C and RE work in synergy to robustly follow the planned path.

2.1.2 Method

Overview

We consider the goal-directed navigation problem: a robot is asked to navigate to a goal � given

an observation >� taken at � . Robot does not have a map of the environment, but we assume it

has collected a set of trajectories (e.g., via self-exploration or following language instructions) as

its experiences. Each trajectory is a dense sequence of observations >1, >2, ..., ># recorded by its

on-board camera. Using its experiences, robot decides the next action to take in order to reach� .

The action space is continuous (e.g., velocity and steering angle) and robot could be a�ected by

actuation noise and unseen obstacles.

We approach this problem from a cognitive perspective. Robot �rst builds a topological map

from its experiences. The map is a directed graph, with vertices as observations and edges encoding

traversability. Then, given its current observation >current and goal >� , robot searches for a path

on the graph and follows that path to reach � . Our setup is similar to that of SPTM [140]. The

di�erence is that we design our system to make it generalize to real robots and scale to real

environments.

For such a navigation system to work, we �rst need a target-conditioned Local Controller C.

C takes current observation and a target observation, and outputs an action 0 = C(>current, >target)
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to drive robot towards the target. The action is executed for a small time step to get an updated

>current and the process is repeated until >current matches >target. Given a path (a sequence of

observations) computed by a planner, robot uses C to follow the path progressively to reach its

�nal destination.

In practice, robot’s experience pool can be large and grow inde�nitely, thus the key issue

is to build a sparse and scalable representation of an environment given dense, unstructured

trajectories. Clearly, adjacent observations in a trajectory is highly correlated and it would be

wasteful to keep every observation. One ad-hoc approach to sparsify a trajectory is to take every

=th observation. However, this assumes that target = steps away is always reachable, which is

not necessarily true. For example, without occlusion, an observation far away can be con�dently

reached (e.g., in a straight hallway), whereas an observation nearby may be hidden (thus not

reachable) if it is blocked by obstacles. Moreover, motion constraints, sensor �eld of view, motor

noise, etc. can all a�ect the reachability of a target.

Our intuition is that the sparsi�cation of a trajectory should adapt to the capability of the

controller. We propose learning a Reachability Estimator RE that predicts the probability of

C successfully reaching a target: RE(>current, >target) = % (reach|>current, >target,C). We use RE as a

probabilistic metric throughout the system, illustrated by Fig. 2.2. Given a controller C, we train a

corresponding RE. The incoming trajectories are �rst sparsi�ed by RE and then interlinked to

form a compact topological map. Given >current and >� , we leverage RE to plan a probabilistic

path and use C and RE in synergy to follow the planned path robustly.

Designing a Robust Local Controller

Real-world robots are subject to disturbances such as motor noise and moving obstacles, which

can cause a robot to deviate from planned path and fail. Hence our �rst objective is to design a

su�ciently robust local controller. Contrary to directly predicting low-level controls, we split our
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controller into two stages: high-level waypoint prediction and low-level reactive control. The

high-level controller CWP predicts a waypoint G,~ (in robot’s local coordinate system) for the

low-level controller. The waypoint needs not be precise, but only serves as a hint for the low-level

controller to make progress. Hence CWP is agnostic to robot dynamics (e.g., can be trained with A*

waypoints as supervision) and absorbs the e�ects of actuation noise. For the low-level controller,

we adopt the RMP representation [111] as a principled way for obstacle avoidance and vehicle

control. Hence we have C(>current, >target) = CRMP(CWP(>current, >target)). Note that this allows the

same CWP to be applied to di�erent robots by replacing the low-level controller.

Fig. 2.3 illustrates the design of CWP. The robot state is represented by its current observation

>current. Denote 8th observation in a trajectory as >8 . We represent the corresponding >target at >8

as a sequence of neighbor observations centered at >8 :

>8−:Δ) , >8−(:−1)Δ) , ..., >8, ..., >8+(:−1)Δ) , >8+:Δ) ,

where : controls context length and Δ) (set to 3) is the gap between two observations. The past

frames expand the �eld of view of >8 which helps controller to do visual closed-loop control. The

future frames encode intention at >8 , allowing a controller to adjust its waypoint in advance in

order to follow subsequent targets smoothly and reliably.

Technically, we extract a feature vector by feeding stacked [>current, >8−:Δ) , >current − >8−:Δ) ]

into a sequence of convolutions, followed by combining the 2: + 1 feature vectors through one

convolution and multiple fully-connected layers to predict a waypoint G,~. We �nd this design

works much better than featurizing each image or stacking all images together. Additionally, the

network predicts the heading di�erence between >current and >8 to help the network anchor the

target image in the sequence. Finally, in order to reason about proximity to a target (Sec.2.1.2),

CWP predicts mutual image overlap. Image overlap is a ratio that represents the percentage of
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Figure 2.3: Architecture of CWP. The architecture of RE is similar, except that it regresses to a
single probability and is supervised with cross-entropy loss.

content in one image that is visible in another image. Hence mutual image overlap is a pair of

ratios ('current→target, 'target→current).

We train CWP in a supervised fashion (Sec.2.1.3). To evaluate our design, we randomly sample

>current from a trajectory and >target being −1.0< behind to 3.0< ahead of >current in 4 unseen

environments, and run each controller to see if robot reaches the target. Table 2.1 compares

the success rate of each controller. Directly predicting low-level controls (forward acceleration

and steering velocity) results in much lower success rate than our two-stage design. Compared

with directly mapping images to low-level actions, we �nd it more robust to map images to

higher-level abstractions such as waypoints, and then map waypoints to low-level controls using

a representation (e.g., RMP) that explicitly models environmental geometry and robot dynamics.
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Control(k=0) Ours(k=0) Ours(k=2) Ours(k=5)

Success% 46% 88% 91% 95%

Table 2.1: Success rate for each controller.

Learning the Reachability Estimator

Table 2.1 suggests that controller design and parametrization can heavily a�ect target reachability.

Unlike [140] that uses image similarity as a proxy, we learn reachability by explicitly predicting

the execution outcome of C. During training, >current and >target are randomly sampled from

demonstration trajectories (Sec. 2.1.3) and C is used to drive the robot from >current to >target to

get a binary outcome. The criteria for success is that robot reaches the target within time limit

de�ned as Cmax = A*(>current, >target)/Emin, where A*(·, ·) computes the A* path length and Emin is

the minimum velocity. Hence RE measures the probability of C reaching the target e�ciently,

which is independent of the temporal and physical distance between >current and >target. This idea

has an interesting connection to feedback motion planning systems [163], as RE can be seen as

estimating visual funnels that are locally stable.

The design of RE is almost identical to C, except that it predicts a single probability and is

trained with a binary classi�cation loss.

Sparsifying a Trajectory

For any observation >8 in a dense trajectory, if RE(>8, >8+1), ...,RE(>8, >8+:+1) are su�ciently high,

we could con�dently discard >8+1, ..., >8+: because C does not need them to reach >8+:+1. Hence a

greedy approach to choose the next anchor is

max 9

s.t. RE(>8, >:) > ?sparsify,∀:, 8 < : ≤ 9
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ô1 ô3
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Figure 2.4: A topological map containing two trajectories. (a) densely connected graph. (b) a�er
pruning low-probability edges. (c) a�er reusing nodes.

where 8 is previous anchor’s position and ?sparsify is the probability threshold that controls sparsity.

Hence a dense trajectory is converted to a sequence of contexti�ed anchor observations >̂1, ..., >̂< .

One may argue that contexti�cation reduces the e�ective sparsi�cation ratio. Since the time

and space complexity is a function of the number of anchors, in practice it signi�cantly saves

computation during planning and following a trajectory, allowing our system to run on a robot in

real time.

Building a Compact Probabilistic Topological Map

Our topological map is a weighted directed graph (Fig. 2.4a). Vertices are anchor observations

and edge weight from >̂8 to >̂ 9 is − logRE(>̂8, >̂ 9 ). Construction is incremental: for an incoming

trajectory, we create pairwise edges between every vertex in the graph and every anchor in the

new trajectory.

Compared to a graph constructed with dense observations, a graph built from sparsi�ed

observations has less than 1/10 of the vertices and 1/100 of the edges. To further improve scalability,

we propose the following two optimizations to make the graph grow sublinearly to the number of

raw observations, and eventually the size of the graph converges:

Edge pruning. Low-probability edges with RE(>̂8, >̂ 9 ) < ?edge are discarded since they

contribute little to successful navigation (Fig. 2.4b).

Vertex reuse. It is common for two trajectories to be partially overlapped and storing this
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overlapping part repeatedly is unnecessary. Hence when adding anchor >̂8 into a graph, we check

if there exists a vertex >̂ such that RE(>̂8−1, >̂) > ?reuse and RE(>̂, >̂8+1) > ?reuse. If the condition

holds, we discard >̂8 and add edges >̂8−1 → >̂ and >̂ → >̂8+1, as illustrated in Fig. 2.4c.

The graph will converge because for any static environment of �nite size, there is a maximum

density of anchors. Any additional anchor will pass the vertex reuse check and be discarded.

Practically however, an environment may change over time. The solution is to timestamp every

observation and discard outdated observations using RE. We leave the handling of long-term

appearance change as future work.

Planning

We add an edge (weighted by its negative log probability) from >current to every vertex in the graph,

and from every vertex in the graph to >� . The weighted Dijkstra algorithm computes the path

with the lowest negative log probability (i.e., the path that robot is most con�dent). Robot then

decides whether the probability is high enough and may run the trajectory follower proposed in

Section 2.1.2.

Mitigating Perceptual Aliasing

Practically, >current may correspond to di�erent locations of similar appearances. Traditional

approaches usually formulate this as a POMDP problem [165] and try to resolve the ambiguity by

maintaining beliefs over states. This requires having a unique state (e.g., global pose) associated

with each observation which is di�cult to implement since we do not have any metric information.

We use two techniques to resolve ambiguity. The �rst is to match a sequence of anchors

during search and graph construction. In practice the probability of two segments having similar

appearances is much lower than two single observations. Additionally we let robot re-plan a new

path if it detects discrepancy (entering Dead reckoning state for too long) while following the
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previous path. The intuition is that the location where robot detects the discrepancy is likely

distinct. See Sec. 2.1.3 for an example. In the worst case where such distinctive anchor is absent,

robot might follow a cycle of anchors without making progress. The solution is to count how

many times the robot has visited an anchor (i.e., by collecting statistics from last visited anchor).

Cyclic behavior can be detected so that the robot can break the loop by biasing its choice in future

planning. We leave the handling of this extreme case as future work.

Following a Trajectory

Our trajectory follower constantly updates and tracks an active anchor to make progress, while

performing dead reckoning to counter local disturbances. Speci�cally, given a sequence of anchor

observations >̂1, >̂2, ..., >̂< , the trajectory follower acts as a state machine:

Search: robot searches for the best anchor: >̂∗ = argmax>∈{>̂1,...,>̂<} RE(>current, >). IfRE(>current, >̂
∗) >

?search, it sets >̂
∗ as current active anchor >̂active and enters Follow state, otherwise it gives up and

stops.

Follow: robot computes the next waypoint G,~ = CWP(>current, >̂active) and uses it to drive

CRMP. Meanwhile it tracks and updates the following two values:

• last visited anchor. Robot uses the predicted mutual image overlap to measure the proximity

between >current and anchors close to >̂active. The closest anchor is set as >lastvisited . This is a

form of approximate localization.

• active anchor. If RE(>current, >̂active+1) > ?follow and is within proximity, it advances >̂active to

>̂active + 1, otherwise >̂active = >lastvisited + 1. The intuition is to choose an >̂active that is neither

too close nor too far away.

Normally robot stays in Follow state. But if moving obstacles or actuation noise causeRE(>current, >̂active) <

?follow, it enters Dead reckoning state.
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Dead reckoning: robot tracks the last waypoint computed in the Follow state and uses the

waypoint to drive CRMP. The assumption is that disturbances are transient which the robot could

escape by following the last successfully computed waypoint. Waypoint tracking can be done

by an odometer and needs not be very accurate. While in this state, robot keeps checking if

RE(>current, >̂active) > ?follow and returns to Follow state if possible.

2.1.3 Experiments

We trained CWP, RE and all baselines in 12 Gibson environments. 100k training trajectories were

generated by running an A∗ planner (used to provide waypoints) with a laser RMP controller

similar to [111]. Simulation step size is 0.1. We use the laser RMP controller as CRMP mostly

for e�ciency, but in practice an image-based RMP controller can also be used [111]. CWP was

trained by randomly sampling two images on the same trajectory with certain visual overlap,

with the A∗ waypoint as supervision. After CWP was trained, we trained RE by sampling two

images that either belong to the same trajectory (prob 0.6) or di�erent trajectories (prob 0.4), and

ran a rollout with C to get a binary outcome. Image size is 64 × 64 with 120◦ horizontal �eld of

view. We augmented the dataset by jittering robot’s starting location and orientation to improve

generalization. About 1.5M samples were used to train CWP and RE. Our training setup models a

real vehicle similar to [5], so that the same model can be used for real experiments.

We present quantitative results in 5 unseen Gibson environments with diverse appearances.

Our baseline is based on SPTM. Since SPTM is designed for small synthetic mazes with discrete

action space, its original version would perform poorly in our setting. For a fair comparison, we

let SPTM use the same controller and trajectory following logic as ours. The main di�erences

between SPTM and ours are thus: i) how reachability is learned and ii) how graph is constructed

and used. Our ablation study will thus be in the form of evaluating trajectory following and
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planning performance in the following sections.

Trajectory Sparsi�cation

Fig. 2.5 compares sparsi�cation results of three controllers. The two visual controllers C:=2, C:=5

di�er in their context length. To show that our model is general, we also trained a laser-based

controller Claser by modifying the input layer in Fig. 2.3 to take 64-point 240◦ 1D depth as input.

Fig. 2.5 shows placement of anchors with ?sparsify = 0.99. Comparing with C:=5, C:=2 requires

denser anchors. Since C:=2 uses a shorter context, it is more “local” and has to keep more anchors

to follow a path robustly. Nonetheless, anchors are more densely distributed in tight spaces and

corners for both controllers, indicating that our sparsi�cation strategy adapts well to environmental

geometry. Interestingly, Claser shows a more uniform distribution pattern. Since laser scans have a

much wider �eld of view and measures geometry directly, it is not heavily a�ected by tight spaces

and large viewpoint change.
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Trajectory Following

We randomly generated 500 trajectories in the test environments (Fig. 2.6) with an average length

of 15 m. When following a trajectory, we stop the robot when it diverges from the path or collides

with obstacles. We report the cover rate, the percentage of total length of trajectories successfully

followed by robot. For our trajectory followers, ?search = ?follow = 0.92.

Sparsity is the average ratio of number of images in a sparsi�ed trajectory to the number

of images in the corresponding dense trajectory. To change sparsity, we vary ?sparsify for our

models. For SPTM we select every =th frame and vary =. Fig. 2.7 plots cover rates for varying

sparsity conditions. Controllers with contexts (*-k2, *-k5) achieve higher than 95% cover rate,

better than controllers without context (at most 90%). This indicates that having contextual frames

can improve robustness. But since contextual frames are used, more observations have to be kept

so storage-wise it is not as e�cient as (*-k0).

SPTM performs comparably to ours when using a strong controller (*-k5), but for all controllers

it starts to degrade before ours as sparsity lowers. Due to its �xed-interval subsampling, it does

not adapt to controllers’ capability well, as can be seen by the increasing gap between ours and

the SPTM counterparts when less contextual frames are used (*-k2, *-k0).

We also evaluated performance under noisy actuation by multiplying a random scaling factor

B ∼ N(1.0, 0.33) to the control output. No noticeable di�erencewas found. This is expected because

the local controller runs at a high frequency (10 Hz) and uses visual feedback for closed-loop

control.

Planning

Navigation between Places We built one topological map for each environment (Fig. 2.8a).

A map is constructed from 90 trajectories connecting 10 locations in a pairwise fashion. The
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space8 house24 house29 house75 house79

Area 460<2 207<2 270<2 403<2 205<2

Images 30,342 31,167 28,679 39,788 33,617

SPTM 1,648/3,201 1,688/3,668 1,560/3,960 2,116/4,115 1,808/4,756

48.1% 40.2% 45.6% 51.3% 47.2%

Ours 974/1,482 900/1,348 901/1,467 1,454/2,275 909/1,524

86.9% 94.3% 91.2% 84.6% 95.7%

Table 2.2: Planning success rate, with #vertices/#edges shown above. Success rate is the outcome
of 1,000 navigation trials.

locations are selected to make the trajectories cover most of the reachable area.

Robot starts at one of the locations (with jittered position and orientation) and is given an goal

image taken at one of the other 9 destinations. Robot has no prior knowledge of its initial location.

We re-implemented SPTM’s planner and uses the best trajectory follower SPTM-k5 (Sec2.1.3) to

make it a competitive baseline. We set the sub-sampling ratio to 20 and Δ); = 1 to prevent the

graph from getting too large. We performed a hyperparameter search to set Bshortcut = 0.99. For

our method, we set ?reuse = ?edge = 0.99.

Table 2.2 presents the success rate for each environment compared to SPTM. Our method

outperforms SPTM with much sparser maps. Graphs built by SPTM have unweighted edges and

do not reuse vertices. SPTM also does explicit localization which sometimes causes planning

failure. This results in worse scalability and reliability compared with our approach. Note that

the slightly lower success rates in space8 and house75 are mostly caused by strong symmetry and

rendering artefacts.

Comparing Trajectory Probabilities to Empirical Success Rate To show that path prob-

ability is a reasonable indicator of empirical outcome, we let a robot start at a random location

(anywhere in a map), plan a path to one of the 10 destinations, and follow the path. 1,000 trajecto-
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ries were collected in each environment. Fig. 2.10 shows that path probability strongly corresponds

to empirical success rate. This allows a robot to assess the risk before executing a plan, and ask

for help if necessary. Note that SPTM does not provide any uncertainty measure.

Generalizing to New Navigation Tasks To test the generalizability of our planner, we ran-

domly pruned the graphs to contain only a subset of the trajectories, and repeated the experiment

in 2.1.3. Fig. 2.10 shows that with only 60% of the trajectories, robot already performs close to

its peak success rate. In other words, robot is able to combine existing trajectories to solve novel

navigation tasks. Fig. 2.11 shows an example.

Resolving Ambiguity Fig. 2.12 illustrates how perceptual aliasing is resolved in environments

with strong symmetry. Robot initially starts at an ambiguous location (marked “1”) and plans a

wrong path (red path). While following this path, robot detects the discrepancy at “2” by realizing

what is expected to be an o�ce room is actually a hallway. As a result, it plans a new path (green)

whereby it successfully reaches the goal.
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2.1.4 Testing in a Real Environment

Our model trained in simulation generalizes well to real images without �netuning. To map a

real environment, we manually drove the RC car to collect 7 trajectories, totalling 3,200 images.

The �nal map contains 206 vertices and 215 edges (Fig.2.8b). The car is able to plan novel paths

between locations and follow the path while avoiding obstacles not seen during mapping (Fig.2.1).

We refer the interested reader to the video supplementary material for more examples.

2.1.5 Discussion

In this work, we show that by learning the capability of a local controller, robust and scalable visual

topological navigation can be achieved. Due to the simplicity and �exibility of our framework, it

can be extended to support non-visual sensors and applied to other robotics problems. Future

works include combining multiple sensors to improve the controller, developing better algorithms

to resolve ambiguity, improving generalization, and extending to manipulation tasks.

The hyperparameters in this approach are mostly probability thresholds, which are easy to

interpret and tune. One important scenario our approach does not handle is when robot deviates

too much from all vertices in the navigation graph, where it would fail to �nd a plausible path.
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An exploration model can help here, and it can also be used for autonomous map construction.

2.2 Learning Composable Behavior Embeddings for Visual

Navigation

In the previous section, we show that by learning the reachability between two images, a robot can

discard redundant information to build sparse topological maps. However, there is one undesirable

artifact: the robot tends to keep dense observations while undergoing rotational motion, such

as turning left or right. This is because while the robot is turning, the image content changes

rapidly and thus it requires keeping denser images to maintain enough high reachability. But this

is counter-intuitive according to our own experiences: we would not remember the intermediate

details while we are turning left or right to enter hallway. In fact, we develop navigation routines

and repeat them with little conscious e�ort: grabbing a cup of co�ee from the kitchen, going to the

printer room to collect papers, or retrieving mail from the mailbox. We form “muscle memories”

to save cognitive load, allowing us to concentrate on more important tasks. From a robot learning

perspective, enabling a robot to repeat such navigation routines robustly with minimal guidance

is bene�cial, because it saves memory, speeds up computation, and opens up opportunities to

build sparse visual memory of environments.

Learning high-level behaviors or skills for robots has become an important area of research

recently. Most existing works focus on synthetic control tasks or �xed workspace manipulation

tasks [87, 103, 119, 149], where environments are fully observable and a robot can be position-

controlled. This is hardly applicable to egocentric visual navigation, where environments are

partially observable, ground truth states are unavailable, and robots may have non-holonomic

kinematic constraints. Because of this, most recent works use prede�ned behaviors [30, 133, 168],
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Figure 2.13: High-level overview of behavior learning and execution. CBE learns to embed image
sequences to replicate a demonstrated trajectory using visual, closed-loop waypoint generation
and control.

with a few attempts on unsupervised or self-supervised behavior learning [59, 90, 160]. However,

these behaviors are usually short-horizon (e.g., “turn left”), discrete, and cannot follow precise

speci�cations (e.g., distance to go or angle to turn). Due to these limitations, they are not able

to encode complex and long-horizon behaviors in a general fashion, such as when following an

instruction “go towards northeast by about 5 meters and then turn right to follow the hallway

till the end”. This limits their applicability in building sparse visual memory for downstream

navigation tasks.

To address this problem, we propose Composable Behavior Embedding, a robot-agnostic be-

havior representation for visual navigation (Figure 2.13). At its core is a behavior encoder that

compresses a high-dimensional visual demonstration sequence into a low-dimensional embedding.

During execution, a waypoint generator is conditioned on the embedding and current observation

to generate local waypoints for a low-level controller to replicate the demonstration. The embed-

dings are learned in an end-to-end fashion by minimizing the waypoint reconstruction loss. It

e�ectively learns to extract path geometry from demonstrations, making it generalize extremely
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well to novel environments.

CBE has two desired properties: i) it is compact. The embedding is only 32-dimensional,

allowing a robot to build visualmemory an order ofmagnitude smaller than existing approaches [89,

112], and ii) it is composable. A robot can robustly follow a long path via behavior segmentation,

or combine behaviors from multiple demonstrations to perform goal-directed navigation tasks.

SLAM [56, 118] can be a strong alternative for building visual memory. CBE has several

advantages over SLAM: i) CBE is more than 10x e�cient at encoding demonstrations than SLAM;

ii) CBE works with low-resolution images where SLAM breaks down, allowing it to be deployed

on miniature robots without high-quality cameras; iii) CBE has a simpler design with few tuning

parameters and is end-to-end trainable. Hence, CBE is a more attractive approach towards building

a robust and e�cient learning-based visual navigation system.

We show how the embeddings generated by CBE enable a non-holonomic robot to reach goals

more than 150 time steps away with no intermediate guidance, even when unseen obstacles are

present. We further illustrate how the learned embeddings can be applied to two downstream

tasks: one-shot trajectory following and topological mapping. We show that with the learned

embeddings we can build visual memory an order of magnitude smaller than existing approaches

for these downstream tasks. We conduct detailed quantitative and qualitative analysis to verify

our design decisions and how it is compared to a variety of baselines.

2.2.1 Related Work

Visual Navigation. Classical navigation systems rely on building a metric map from laser scans

or visual images for robust state estimation, planning, and control [56, 165]. Recent advances

in visual navigation move towards non-metric, learning-based methods, such as short-horizon

goal-directed navigation [122], path following [70, 89, 168], or building a cognitive mapping system
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for planning [29, 61, 112, 140]. Solving long-horizon navigation tasks requires some form of visual

memory [49, 70, 89, 112, 140]. Due to visual occlusion, dense observations have to be stored,

making it di�cult to scale to large environments. Our main contribution is to learn a compact

embedding so that a robot only stores a sparse set of visual features. These embeddings serve

as sparse visual memory for diverse downstream tasks, such as path following and topological

mapping.

Learning from Demonstrations. Perhaps the most direct approach to learn from demon-

strations is imitation learning [38, 171]. Imitation learning learns �xed policies that are hard to

generalize to novel tasks. Recent works learn latent distributions to encode a diverse skill set

[103, 106, 107, 149]. These works focus on manipulation tasks in a fully observable workspace, and

hence they cannot generalize to novel, partially observable environments as in indoor navigation.

Contrary to existing works that hardcode environments into the skills, we learn a shared behavior

encoder, allowing a robot to adapt to new environments quickly.

Unsupervised Skill Learning. Learning high-level skills helps to solve long-horizon tasks

more e�ectively. However, most works on skill learning assume fully observable state spaces in

known environments [37, 83, 87, 100, 150]. This is not applicable in egocentric visual navigation,

where environments are partially observable and no ground truth robot state is available. So far

only discrete, short-horizon navigation skills can be learned [26, 160], and these skills have only

been used for exploration and point-goal navigation tasks. To the best of our knowledge, we are

the �rst to show that diverse and long-horizon navigation skills can be e�ectively learned from

visual data. Moreover, we show that these skills can serve as building blocks for constructing a

sparse persistent spatial memory for navigating in novel environments.

Sequence-to-Sequence Models. Our method is inspired by seq2seq models, which have

been widely used in language processing [8, 159] and trajectory prediction [6, 96]. An important

distinction is that we save the latent states as part of the visual memory. Moreover, our decoding
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process generates controls that are conditioned on the current rollout, which is essential for

correcting drift and avoiding obstacles.

2.2.2 Composable Behavior Embedding (CBE)

Overview

We consider a goal-directed navigation task where a robot needs to navigate from its current

location B to a goal 6. We assume that a demonstration containing a sequence of RGB observations

>1, >2, ..., >) connecting B and 6 is given to the robot. Since the trajectory can be long and complex,

intermediate information needs to be memorized to help the robot follow the demonstration

[70, 89, 112].

Similar to [111], our navigation system guides the robot by generating relative waypoints that

are used by a low-level controller to compute motor commands (e.g., velocity and steering angle).

To follow a demonstrated trajectory, the robot could use visual control to match its observations

against the sequence of demonstrated observations as in [70, 89, 112]. However, such an approach

is highly memory ine�cient, since it requires rather densely stored images. To overcome this

problem, CBE encodes the sequence of visual observations >1, >2, ..., >) into a low-dimensional

behavior embedding I� (Figure 2.13). During execution, at each time step, a waypoint generator

uses I� and the current observation to produce a waypoint for the low-level controller. Both state

and action space are continuous, and the system operates in a closed-loop fashion to correct any

drift due to noise and non-holonomic kinematic constraints. Di�erent demonstrations and their

executions can be of di�erent lengths.

For very long and complex trajectories, a single I is insu�cient due to compounding errors. To

address this problem, we segment long trajectories into sequences of embeddings, interleaved by

visual attractors for state calibration. The segmented behaviors are used for solving downstream
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Figure 2.14: Overview of CBE. The encoder compresses the image sequence >1, ..., >) observed
during a demonstration into a low dimensional embedding I� . This is done via a recurrent LSTM
network that inputs pairs of consecutive images, (>C , >C+1), and generates a sequence of latent
embeddings, IC , with the final I)−1 providing the overall embedding of the demonstration. In
the execution phase, the waypoint generator uses the demonstration embedding, I� , and the
embedding of the images observed so far, I′C , to generate the next waypoint, (GC , ~C ), and a measure
of the progress thus far qC . The embeddings of the executed trajectory, I′C , are computed using
the same network as the demonstration encoding. An additional “A�ractor” network processes
the current image and the first and last images of the demonstration to provide information that
helps with the alignment at the beginning and end of the trajectory. At each time step C , the
waypoint is sent to the local controller, which moves the robot and provides the image for the
next iteration, >′C+1. This process is repeated until the robot reaches the goal >) , indicated by
q = 1.

navigation tasks, which we detail in Sec 2.2.4.

Learning Continuous Navigation Behaviors

The behavior encoder Benc (left half of Figure 2.14) maps observation streams >1, >2, >3, ..., >) into

a low-dimensional embedding I� = Benc(>1, >2, ..., >) ). To do so, each pair of adjacent images

is input to a CNN that generates a feature vector fed into an LSTM to compute the embedding

for each time step. Since the encoder is recurrent, it outputs a sequence of embeddings, where

embedding I8 encodes the observed behavior from >1 to >8+1. The complete trajectory is encoded
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into I)−1 (i.e., I� ).

Since encoding and execution are only coupled by the embedding, the whole CBE network can

be trained end-to-end. Through end-to-end learning, the encoder learns a common behavior man-

ifold (Sec.2.2.4). The embedding can be extremely low-dimensional (e.g., 32), which signi�cantly

saves memory compared to SLAM [118] or other learning-based approaches [89, 112].

Behavior-Conditioned Waypoint Generator

The waypoint generator (right side of Figure 2.14) executes a behavior while tracking the robot’s

progress. The robot starts with its initial observation, >′1, which does not have to exactly match

the beginning of the demonstration, >1. At every time step C , an LSTM unit takes as input the

embedding I� of the demonstration and the embedding I′C of the images observed so far (computed

using the same encoder network used for demonstration embeddings), alongwith features provided

by an “Attractor” network described below. Using these, the recurrent unit predicts the next local

waypoint, GC , ~C , and the current progress, qC . The waypoint is input into the robot’s low-level

controller to generate motor commands. The low-level controller can be a simple PID controller,

or it may support local obstacle avoidance [111]. The progress indicator qC provides the fraction

of the demonstration the robot has completed at time C . It is used as a condition for behavior

switching. After receiving the next observation, >′C+1, new attractor features and embedding I′C+1

are computed and input to the next LSTM step. This process is repeated until the robot reaches

the goal, indicated by q = 1.

Attractor Network. During execution, the robot’s initial location and orientation may not

exactly match the beginning of a demonstration, requiring the robot to align its initial location

su�ciently well to follow the demonstrated trajectory. Similarly, to determine when the robot

has reached the goal, solely accumulating motion information from the observed images is not

accurate enough. CBE solves these problems via the attractor network, which combines the robot’s
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current observation >′C with >1 and >) (i.e, attractors) to provide features that can relate the current

observation to the beginning and end of the demonstration. The attractor network is a CNN that

generates 5> ′1,>1 and 5> ′C ,>) which are concatenated with the embedding (see Figure 2.14 and 2.16).

Long Range Navigation via Behavior Segmentation

Since behavior embeddings are learned from egocentric observations, compounding error is

inevitable, implying that I may not encode a complex long-horizon behavior precisely. We solve

this by segmenting a long trajectory into a sequence of behaviors, each of which is speci�ed by its

embedding I� and initial and �nal observations, >1 and >) , respectively. Via the attractor features,

>1 provides robustness toward noisy locations when starting a behavior, and >) helps the behavior

reach the goal location accurately enough to transition to the next behavior (related to funnels in

LQR-Trees [162]).

We �nd �xed-distance segmentation works well in practice (Sec. 2.2.4). Given an observation

sequence >1, >2, ...>) , we segment it into equally spaced segments, subject to the constraint that

every segment contains no more than  observations, where  is determined by a validation set.

Visual attractors are placed at the segmentation boundaries, and two adjacent segments share

attractors.

Behavior Switching. When a robot executes a sequence of behaviors, it needs to know when

it can safely switch from the current behavior to the next. It makes the switching decision by

checking if the progress indicator of executing the current behavior qcurrent is close to 1 (set to

0.95 in practice). If the condition holds, the robot resets its internal states and starts executing the

next behavior Inext.
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Composing Behaviors from Multiple Demonstrations

The segmentation method described in Sec. 2.2.2 can be extended to enable a robot to re-compose

behavior segments from multiple demonstrations. In Figure 2.15, a robot is given demonstrations

� → � and � → � . If the attractor A2 and A′
2 are close enough, then the robot can execute

behaviors I1, I′2, I
′
3 sequentially to go from� to� , even though no direct demonstration is available.

This also allows us to further compress demonstrations by removing repeated behaviors (e.g., one

of I2 and I′2).

Learning Choice Points. Fixed-distance segmentation does not guarantee that visual at-

tractors from di�erent demonstrations are placed at consistent locations, making it di�cult to

connect demonstrations. To mitigate this, we use a simple algorithm to �nd spatially consistent

attractors. We train a classi�er 3C = C(>C−:+1, ..., >C ) that takes the most recent : observations and

predicts the next waypoint direction (discretized into 128 bins) using the training dataset. We

compute the variance fC of the directional distribution to measure the uncertainty. Intuitively, >C

with high variance suggests that future trajectories may diverge and thus >C is usually associated

with spatially consistent locations such as intersections and doorways. Given a trajectory >1, ..., >) ,

we use C to compute the directional variances f1, ..., f) . Then we use a peak �nding algorithm to
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�nd a set of choice points along a trajectory. While there are more sophisticated methods such as

[102] that can potentially �nd better choice points, we �nd this simple approach to be e�ective

(see Sec. 2.2.4).

2.2.3 Implementation Details

We collected 100k trajectories from 18 large Gibson [177] environments as the training set. The

trajectories are generated by a laser-based RMP controller [111] driving a non-holonomic car to

follow a sequence of local waypoints computed by an A* planner. This controller also serves as

the low-level controller for behavior execution. The low-level controller uses laser scans for local

obstacle avoidance and in practice it could be replaced with vision-based controllers [70, 111] at

extra computational cost. Simulation runs at 10 Hz. Image resolution is 64 × 64 with 120◦ �eld

of view. Camera height is set to 1.0 m above the �oor. All evaluations are conducted in 5 large

unseen Gibson environments. These large scenes are several times the size of an average Gibson

scene, hence they are more suitable for evaluating long-horizon navigation performance.

We use a sequence length of 64 with a frame gap uniformly sampled between 0 to 2. Hence

the average trajectory length is 128 time steps. We use the local waypoints in the same training

set as supervision, and adopt DAgger [134] for data augmentation. In the DAgger phase, we jitter

the robot’s initial pose to simulate imperfect alignment and collect rollout trajectories generated

by the current model. We then compute the correct waypoints and progress to train the next

model. The correct local waypoints are computed by transforming (i.e., rotating and translating)

the global ground truth waypoint associated with the closest trajectory sample to the robot. To

compute the correct progress, we de�ne the completed path as >1, ..., >: where >: is the closest

observation to >′C (in Euclidean distance). Hence qC is the fraction of completed path length to the

total path length. By jittering the robot’s pose in the DAgger phase, the robot learns a closed-loop
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Figure 2.16: Neural networks used by each component in CBE. See Figure 2.14 for how these
components work together.

policy that is robust to drift. This also enables the robot to robustly switch to the next behavior

segment albeit the initial misalignment and errors in progress estimation by relating current

observation to the attractors.

Network designs. Figure 2.16 details the network architectures of CBEmodules. The networks

are lightweight (70 MB) and can run in real time on an embedded system. We use the Adam

optimizer with a learning rate of 0.0003 and a learning rate decay of 0.7. Every epoch contains

200k samples. We trained CBE for 5 epochs. All baselines were also trained using the same dataset

for 5 to 7 epochs.
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Figure 2.17: t-SNE visualization of the behavior manifold. Each red line visualizes an encoded
trajectory. The initial pose of the robot is always at the center, pointing rightwards. 4 example
trajectories are shown at the bo�om.
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2.2.4 Experimental Results

Behavior Embedding

Figure 2.17 shows the t-SNE plot of embeddings extracted from training trajectories. The plot shows

that the embedding space encodes a meaningful behavior manifold. From left to right, trajectory

lengths are increasing. From top to bottom, there is a smooth progression from “right turns” to

“going straight” and to “left turns”. The embedding space learns to encode visual odometry, even

though it is not explicitly told to do so. We think this is why the learned embeddings generalize

well to novel environments and can encode long-range behaviors, while being low-dimensional.

Single-behavior Navigation

We study how well a robot can navigate between two locations with a single CBE behavior in

unseen environments. We collected a set of trajectories of lengths ranging from 16 time steps

to more than 200 time steps, with 500 trajectories collected for each time step. We extract an

embedding from each trajectory to condition the waypoint generator. We jitter the robot’s initial

pose to simulate imperfect alignment. We compare with the following baselines:

Visual SLAM We adopt ORB-SLAM2 [118] which is one of the state-of-the-art real-time SLAM

methods. We �rst feed the image sequence to reconstruct the environment and the trajectory.

During execution, we run SLAM in tracking mode which localizes and tracks the pose of the robot.

We set the next waypoint to be the point on the trajectory that is 5 keyframes away from the

robot’s current location. If localization fails, the robot will use the previously computed waypoint

until localization succeeds.

RPF RPF [89] extracts a feature vector from each observation and uses attention to track the

progress of a robot. Original RPF assumes the availability of camera pose and action at each time
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Figure 2.18: Evaluating CBE for single-behavior navigation. (a) Comparing CBE with baselines.
The abnormal degradation of Visual SLAM 256 for short trajectories is due to initialization failures.
(b) Model ablation. (c) Example rollouts of two behaviors with similar structures.

step. Here we only assume RPF has access to visual observations, same as ours.

VMSR VMSR [90] clusters �xed-length demonstrations into a discrete set of behaviors. To

support variable-length trajectories, we use a recurrent encoder similar to ours instead of a

convolutional encoder. Again, VMSR uses raw observations as input.

Goal image only we use the local controller in [112] because it shows strong performance

when the goal image is visually reachable. We will compare [112] against CBE in Sec. 2.2.4 for its

path following performance.

Figure 2.18a compares the success rates of CBE against the baselines (we also experimented

with the SPL [7] metric with almost identical results). Using goal image alone shows poor

performance due to visual occlusion. CBE achieves > 95% success rate for trajectories of up to 128

time steps (approx. 6 m in metric length). While CBE degrades for longer trajectories, we perform

segmentation to maintain strong performance (Sec. 2.2.4). RPF relies on accurate attention to

track a path, but drift in attention may cause RPF to lose track and deviate from the path. VMSR

clusters input trajectories into a discrete set of behaviors, hence it cannot capture the variations

of behaviors well. While Visual SLAM outperforms single-embedding CBE for long trajectories,
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start demonstration rollout

Figure 2.19: Example traces (including one failure case) in test environments using a single
behavior embedding. Start and goal images are shown at the top. Note that starting locations of
the robot are not always aligned with the beginnings of the demonstrations.

it degrades quickly as resolution decreases (degraded by 50% with 256 × 256 images and failed

completely with 64 × 64 images). In contrast, CBE works well with low-resolution images, and

can potentially be deployed on miniature robots with fast-moving cameras.

Figure 2.18c shows how learned embeddings can distinguish between two similar behaviors.

These two behaviors share the same structure: go straight and turn right. However, behavior 2

needs to go straight for a longer distance before turning right. CBE captures the di�erence in

distance so that a robot can reach both locations with no ambiguity. Figure 2.19 shows example

traces.

Model ablation. Figure 2.18b compares CBE with two variants. Removing the attractor model

is detrimental because it would not be able to capture the initial misalignment. This e�ect is

more pronounced when following a sequence of behaviors (Sec. 2.2.4). Removing the embedding

signi�cantly degrades performance, as the robot has to rely on the goal attractor which can be
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offset: 0.0m offset: 0.075m offset: 0.15m offset: 0.225m

Figure 2.20: Handling unseen obstacles during behavior execution. Le� image: robot’s view of
the obstacle. 4 example executions with di�erent obstacle o�sets are shown on the right. Blue
trajectory: demonstration. Orange trajectory: rollout. Red dot: starting location.

occluded in long trajectories.

Robustness to unseen obstacles. To understand the robustness of our model in a dynamic

environment, we randomly place a trashcan of size 0.3 × 0.3 × 1.0 m close to a trajectory and let

the robot execute the corresponding behavior (128 time steps). Note that the behavior is encoded

when the obstacle is not present. We evaluated our model on more than 300 trajectories and the

following table shows the results by varying the o�set of the obstacle to trajectories:

o�set (m) 0.0 0.075 0.15 0.225
Success% 78.8 82.6 85.1 89.0

Figure. 2.20 shows example executions. The robot can successfully avoid most of the obstacles

and reach the goal. The low-level controller deliberately makes the robot deviate from the demon-

stration to avoid the obstacle, but since CBE uses visual feedback to follow the encoded trajectory,

it can generate corrective waypoints to get the robot back on track. Note that our model is trained

without obstacles. Training the model with obstacles could further improve its robustness and we

leave it as future work.

Robustness to actuation noise. We apply a random scale D to the controls of the robot at

every time step. We compute D = clip(G,−B, B) + 1.0 where G ∼ N(0.0, B/2). Intuitively, B = 0.5

means that we apply a +/- 50% random scale to the velocity and steering angle (independently).

We observed 2% and 8% degradation at B = 0.5 and 1.0, respectively. This shows that our model is

robust to actuation noise.
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Figure 2.21: (a) Comparing success rates at di�erent compression ratio. For Visual SLAM and
RPF [89] we only show single success rates because they do not subsample observations. (b)
CBE robustly follows a long path by segmenting the path into a sequence of behaviors. See the
supplementary video for more examples.

Long-horizon Visual Path Following

A common navigation task that robots perform is to navigate between two places [70, 89, 112].

We show that by incorporating behaviors, a robot can follow a long trajectory with very sparse

guidance. We sparsify a trajectory by segmenting it into a sequence of behaviors (Sec. 2.2.2). We

compare with [112] that sparsi�es a trajectory by reasoning about target reachability. Compression

ratio is de�ned as ) /# , where # is the number of landmarks and ) is the total number of

observations. For CBE, # is approximately equal to the number of behaviors. We vary segment

length  in Sec. 2.2.2 to adjust the number of behaviors. For Visual SLAM and RPF, we only report

their success rates.

We selected semantically meaningful locations (e.g., rooms) in each test environment as starts

and goals and generated 500 long trajectories with an average length of 20 m. A robot follows

each trajectory with a jittered initial pose. Figure 2.21a compares the trajectory following success

rates at di�erent sparsity levels. Incorporating behaviors signi�cantly increases sparsity compared
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Method Avg. Mem (KB) SR Breakdown of memory usage per trajectory (average)
CBE (Ours) 19 97.2 6 attractors (3.2 KB each) + embeddings (32 �oats = 128 bytes each)
SLAM [118] 1024 × 1024 341 96.3 10933 descriptors (32 bytes each)

256 × 256 199 42.5 6382 descriptors.
64 × 64 - 0.0 Failed to initialize.

RPF [89] 424 21.7 212 feature vectors (512 �oats = 2 KB each)
SLC [112] 1548 93.7 129 images (12 KB each)

Table 2.3: Comparing memory e�iciency and success rate (SR) of di�erent methods for long-horizon

visual path following. All methods use 64 × 64 images except for SLAM which we evaluate on multiple

resolutions. Note that SLAM requires extra memory to store the pose graph, which we did not include

here due to the di�iculty of estimating the value accurately.

to a behavior-less approach [112]. Without visual attractors, CBE performs considerably worse,

as the robot is not able to calibrate its state well to switch to the next behavior reliably. Visual

SLAM performs competitively with high-resolution images, but fails completely when using the

same low-resolution images as other baselines. Figure 2.21b shows a qualitative example, where a

20 m long trajectory (450 time steps) is segmented into four behaviors and the robot executes the

behaviors sequentially to reach the goal.

Memory e�ciency. Table 2.3 shows that CBE is at least 10x more e�cient at encoding visual

demonstrations than the baselines. A trajectory sparsi�ed by CBE usually contains fewer than

10 embeddings (32 �oats each), interleaved by visual attractors (800 �oats each). In comparison,

Visual SLAM stores over ten thousand feature descriptors, and existing learning-based methods

require storing either dense visual features or raw images. This opens up opportunities to build

compact topological maps of novel environments, studied next.

Behavior-based Topological Mapping

We follow the same setup as in [112, 140], where a robot builds a topological map of an environment

from a set of experience trajectories consisting of RGB observations. A topological map is a directed

graph where vertices are anchor observations selected from the trajectories and edges encode
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Envs Calavo Frierson Kendall Ooltewah Sultan

#images 29,449 48,835 51,059 80,394 31,685
#verts storage SR #verts storage SR #verts storage SR #verts storage SR #verts storage SR

SPTM [140] 3067 6.0 3.3 5097 10.0 0.0 5320 10.4 0.0 8287 16.2 2.2 3290 6.4 0.0
SLC [112] 617 36.1 97.8 935 54.8 90.4 805 47.2 98.1 1115 65.3 96.7 759 44.5 86.7
CBE (Ours) 357 1.2 97.8 498 1.6 100 490 1.6 100 611 2.0 92.3 388 1.3 98.9

Table 2.4: Comparing sizes of topological maps and planning success rates. Storage is in MegaBytes. SR

indicates planning and trajectory following success rate. For SPTM we do a 10x subsampling of input

observations. SLC does adaptive subsampling with a sparsification threshold of 0.98. For CBE we use

 = 100 for creating behavior segments.

connectivity. This graph structure is often used in goal-conditioned navigation tasks, where a

robot needs to plan a least-cost path to get to a speci�ed goal.

We leverage behaviors to build sparse and well-connected topological maps. We �rst perform

choice-point based segmentation as described in Sec. 2.2.2, followed by distance-based segmen-

tation (Sec. 2.2.2) if needed. Each vertex stores an 800-dim attractor feature. Edges are either

behavioral edges (via segmentation) or proximal edges (created by linking attractors). A robot

�rst localizes itself and the goal using a network that predicts visual overlap [112]. Then the robot

uses the Dijkstra algorithm to �nd the shortest path and executes the sequence of behaviors along

the path.

We selected 10 to 14 semantically meaningful locations (e.g., rooms) in each test environment

and collected pairwise trajectories to cover most of the traversable area. We built a topological

map out of these trajectories. For planning, we let a robot start at one of the locations, plan a path

to every other location, and follow the path. Table 2.4 compares the sizes of topological maps

built by CBE and planning success rates against the baseline methods. CBE builds much more

compact maps and is signi�cantly more memory e�cient. SPTM [140] subsamples observations

and extracts a 512-dim feature vector from each observation. However, it is not robust enough for

controlling a non-holonomic robot in a continuous state and action space. SLC [112] performs

competitively, but at the expense of storing signi�cantly more information per vertex (�ve 64 × 64
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SLC CBE

Figure 2.22: Visualization of the topological maps built by SLC [112] (no behavior) and CBE (with
behaviors) in one of the test environments (Calavo). Each circle is a vertex. Each demonstration
is assigned a di�erent color. See the supplementary video for more examples.
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RGB images). The main failure cases of SLC are caused by faulty edges in the map due to visual

aliasing. In comparison, CBE maps have much fewer vertices, store only an 800-dim feature per-

vertex, and achieve similar or higher planning success rates due to less visual aliasing. Figure 2.22

visualizes the distribution of vertices in the map.
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Figure 2.23: Comparing map
connectivity when only a frac-
tion of total trajectories are
used to build the maps. Diag-
onal line indicates no general-
ization.

Impact of choice points on generalization. To see the

necessity of using choice points for mapping, we evaluate pair-

wise connectivity between locations when using a fraction of all

pairwise demonstrations to build the map. In Figure 2.23, we can

see that without choice points there is almost no generalization.

This is because �xed-distance segmentation (Sec. 2.2.2) creates

attractors that are inconsistently distributed in an environment,

making it di�cult to link attractors from di�erent demonstrations.

Detecting choice points signi�cantly improves connectivity, but

there is still a gap compared to a dense map. It can be a future

work to improve choice point detection to close this gap.

2.2.5 Discussion

We introduce Composable Behavior Embedding, a robot-agnostic behavior representation for

visual navigation. With CBE, robots are able to robustly replicate visual navigation tasks using

extremely compact representations; two attractor features and a low-dimensional vector per

behavior. We show how CBE can be incorporated into larger scale navigation systems for path

following and topological mapping. Here, CBE signi�cantly improves memory-e�ciency. Our

model operates in continuous state and action spaces, and we conducted experiments in realistic

simulation environments. We will test our system on a real robot once the hardware becomes
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accessible, but based on other work using these environments we are con�dent that our results

will transfer well to real environments and robots. The continuous trajectory embeddings learned

by CBE are well suited to connect to similarly structured language embeddings and using our

model to perform language-based visual navigation is an interesting direction for future research.
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Chapter 3

Terrain Modeling and Perception for

Robust O�-road Autonomy

While there has been great recent interest in the development of autonomous vehicles, the vast

majority of the work has focused on on-road and urban driving. However, a wide range of

application areas, including defense, agriculture, conservation, and search and rescue, could

bene�t from autonomous o�-road vehicles that can operate in complex, natural terrain. In such

environments, understanding the traversability of terrain surrounding the vehicle is crucial for

successful planning and control. Perceiving whether terrain is actually traversable from on-board

sensors in real time can be a challenging problem as o�-road terrain is often characterized by rapid

changes to the ground plane, heavy vegetation, overhanging branches, and negative obstacles.

In other words, a successful o�-road robot must reason about both the geometric and semantic

content of its surroundings in order to determine what terrain is traversable and what is impassible.

An e�ective terrain traversability prediction system should e�ciently 1) aggregate the obser-

vations over time [109, 179] with noisy odometry [27, 117], 2) reason about the partially seen or

even yet to be seen parts of the environment [32, 64, 182], and 3) detect overhanging structures in

47
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the environment, such as tree branches, tunnels, and power-lines [94, 130]. While previous work

has addressed each of these issues individually, the aforementioned challenges are related, and

solving each one should bene�t the others.

In this chapter. We develop terrain perception systems that enable robots to navigate on un-

structured o�-road terrains using LiDARs and stereo cameras. We adopt a robot-centric approach

by building robot-aware traversability maps. We detail the model design, the data curation process,

and evaluate their performance on datasets and real robots.

3.1 LiDAR-based Semantic Terrain Classi�cation

In this section, we design and implement Bird’s Eye View Network (BEVNet), a recurrent neural

network that directly predicts the traversability of the terrain in the form of a 2D grid around

the robot from LiDAR scans. As shown in Figure 3.1, our model has three main parts: 1) a

3D sparse convolution sub-network to process the voxelized point cloud, 2) a Convolutional

Gated Recurrent Unit (ConvGRU) which uses convolutional layers in gated recurrent unit [35] to

aggregate the 3D information, 3) a 2D convolutional encoder-decoder with e�cient backbone [25]

that simultaneously inpaints the empty spaces and projects the 3D data into the 2D Bird’s Eye

View (BEV) map. To train the model, we use both past and future labeled LiDAR scans to build a

complete 3D semantic point cloud and build the ground-truth 2D traversability map.

We make several contributions and empirical observations. We proposed a novel framework

to build the BEV map by simultaneously 1) aggregating observations over time, 2) predicting the

unseen areas of the map, and 3) �ltering out irrelevant obstacles like overhanging tree branches

that do not a�ect traversability. Experimental results on SemanticKITTI [15] and RELLIS-3D [77]

demonstrate the novel framework works well in both on-road and o�-road settings, and outper-

forms the strong baselines in all the aforementioned tasks.
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Figure 3.1: The network architecture of BEVNet. The incoming LiDAR scan is first discretized into
a sparse voxel grid, which is then fed into a sequence of sparse convolution layers to compress the
I dimension. The compressed sparse feature tensor is aggregated over time via the ConvGRU unit.
We use di�erentiable a�ine warping to align the latent feature map with the current odometry
frame. Finally, the inpainting network “inpaints” the latent map to output a dense traversability
map.

3.1.1 Related Work

While there exists a vast literature on perception for autonomous driving [12, 18, 23, 72, 123,

136, 175, 185], most prior work focuses on urban environments and leverage large datasets and

structure inherent in cities and road networks. Since there are not as many recent papers focused

on o�-road driving and rural environments, we compare our system to prior works that share

the mutual components to ours, namely traversability analysis [14, 92, 153, 156], online semantic

mapping [23, 109, 136, 175, 185], recurrency handling [23, 109, 136], bird’s eye view semantic

segmentation [40, 109, 123, 188], and semantic scene completion [32, 64, 182].

Traversability Analysis Traversability Analysis is less common in the task of urban au-

tonomous driving but crucial for a successful o�-road autonomy [92, 93, 131]. Traversability of

surrounding terrain may be analyzed based on various criteria, including surface roughness [153],

negative obstacles [92], and terrain classi�cation [14, 156]. Our system performs end-to-end
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semantic mapping by classifying each surrounding location based on traversabilty.

Online Semantic Mapping Semantic mapping provides structured information for an au-

tonomous driving system, with the earliest works in this area dating back to well before deep-

learning driven methods gained traction [164]. A core paradigm is the bird’s eye view representa-

tion, which stores local information in a two-dimensional grid surrounding the vehicle [45]. While

prior works such as [12, 136, 185] utilize a high de�nition map as additional prior knowledge,

such a map may not be available for o�-road terrain. Our system therefore does not assume a

map a priori, and instead constructs one online. Similar to our system, [23, 175] learns to produce

semantic maps for urban autonomous driving. In comparison, our system focuses on semantic

mapping with a broader categorization of semantics based on terrain traversability, which is useful

for o�-road driving.

Recurrent Representations Temporally consistent accumulation of semantic information is

crucial for mapping the environment and providing the information necessary for safe, e�cient

motion planning. Recent work [23, 136] directly concatenates the past 10 voxelized LiDAR scans as

its input representation for memory e�ciency. In comparison to our system, the author’s recurrent

architecture is speci�cally designed for semantic occupancy forecasting, whereas our recurrent

architecture accumulates sensor data to better estimate the traversability of the current surrounding

terrain. Maturana et al. [109] utilize amore conventional approach by accumulating information via

Bayes �ltering, which in our system is replaced with a recurrent neural network. There are various

approaches to handling recurrency in neural networks including [22, 36, 48, 71, 151, 170, 179].

Our system utilizes ConvGRU to accumulate 2D representations for BEV mapping.

BEV Semantic Segmentation [123] learns to produce a BEVmap from RGB camera for on-road

driving, and [109] produces a BEVmap for o�-road driving by segmenting an image and projecting



3.1. LiDAR-based Semantic Terrain Classification 51

it using depth information. In comparison, our system learns to directly project a LiDAR scan to

produce a BEV map. We also compare our approach to LiDAR segmentation where the segmented

point cloud from networks such as [40, 188] can be projected onto a BEV map. We evaluate this

comparison in detail in Sec. 3.1.4.

Semantic Scene Completion (SSC) The goal of SSC is to generate a complete 3D scene given a

single LiDAR scan as input. Existing works such as [32, 64, 182] utilize information from semantic

segmentation to complete the scene, whereas our system learns to directly predict the completed

scene and therefore does not require segmentation prediction from a secondary network or ground

truth labels. In addition, our system performs point cloud projection and scene completion in

2D simultaneously, as the main task in our work is to produce a 2D BEV map. We evaluate our

system’s ability to complete scenes by comparing our model against [182], the details can be found

in Sec. 3.1.4.

3.1.2 Method

Overview

We consider a mobile robot with a 360◦ LiDARmounted at its top. In order for the robot to navigate

e�ciently and safely in a new environment (either on-road or o�-road), the robot builds an online

traversability map around itself. The traversability map resembles a conventional occupancy

map as well as the semantic map from [109], where each cell stores a probabilitity distribution

of traversability labels. In this work, we use four levels of traversability: free, low-cost, medium-

cost and lethal. The number of traversability levels can be trivially extended if so desired. The

traversability map is inside the robot’s odometry frame, so that the robot is always at the center,

with its heading pointing to the east. The traversability map is converted to a costmap by mapping
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Figure 3.2: Process for generating the traversability dataset on SemanticKITTI. Single scan labels
are aggregated to form complete scenes (scan aggregation), and their semantics are remapped to
our 4 class ontology (traversability mapping), legend defined in figure. The remapped scans are
then filtered with ground estimation to remove overhanging points (points binning and ground
plane estimation). Finally, the filtered points are projected to a traversability map (traversability
projection).

each traversability level to the corresponding cost value via a lookup table. The converted costmap

can be easily interfaced with a local planner [174] or a global planner (e.g., A*) for �nding the

least-cost path to a goal.

We adopt a supervised-learning approach to predict this traversability map. We start by

building a traversability dataset from LiDAR segmentation datasets [15, 77] via a traversability-

aware projection procedure. Then, we introduce BEVNet, a recurrent neural network that takes

the current LiDAR scan and utilizes its history to build a dense traversability map. In the following

sections, we will describe each component in detail.

Building a Traversability Dataset

Recent work [109, 136] focuses on on-road driving where reasoning about a large number of

�ne-grained semantic classes is necessary. Here we consider a more general driving paradigm
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where we simply care about the traversability of the surrounding terrain. This makes our model

applicable to both on-road and o�-road driving. Given a dataset with semantically labeled LiDAR

scans, we convert it to a traversability dataset via the following procedure (illustrated in Figure 3.2).

Scan Aggregation. For each scan, we aggregate it with the past C and the future C scans with

stride B to construct a larger point set. We set C to a large enough number (e.g., 71) to obtain dense

traversability information for a large area around the robot. These parameters may be tuned

depending on the vehicle speed and density of the LiDAR points.

Traversability Mapping. We map the semantic classes into our 4-level ontology. The general

principle is to map semantic classes with similar costs to the same traversability label. For example,

car and building are mapped to lethal, whereas mud and grass are mapped to low-cost. Detailed

mapping can be found in Appendix A.

Points Binning and Ground Height Estimation. For each point in the aggregated scan, we

do a down projection to �nd its location G,~ on the traversability map. Hence each G,~ location

of the map contains a pillar of points. We estimate the ground height map by running a mean

�lter kernel over the lowest I coordinates of the points labeled as free and low-cost at each G,~

location in the map. This height map is used as a reference for �nal traversability projection.

Traversability Projection. For each pillar of points, we �lter out overhanging obstacles by

removing points that are above the local ground level by a certain threshold because they will not

collide with the robot. For the remaining points, we take the point with the lowest traversability

at each G,~ location as the �nal traversability label.
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Feature Extraction via Sparse Convolution with Z Compression

The architecture of BEVNet is shown in Figure 3.1. An input LiDAR scan is �rst discretized into

a 512 × 512 × 31 grid with a resolution of 0.2<. We perform sparse discretization so that only

occupied voxels are preserved. Each voxel contains a 4-dimensional feature 5 =
1
=

∑=
8=1 [G8, ~8, I8, A8],

which is the average of the coordinates and remission values of the points inside the voxel. This

sparse voxel grid is fed into a sequence of sparse convolution layers, which compress the I

dimension via strided convolutions. We keep G and ~ dimensions unchanged. The output of the

sparse convolution layers is a sparse feature tensor ( of size 512 × 512 ×� , where � is the feature

dimension.

Temporal Aggregation of Sparse Feature Maps

A single LiDAR scan becomes increasingly sparse as the distance increases, making it di�cult

to estimate traversability for areas far away from the robot. Contrary to classical SLAM that

aggregates LiDAR measurements over time via a hand-engineered Bayesian update rule [165],

we let the network learn to aggregate the sparse feature maps from past LiDAR scans via a

Convolutional Gated Recurrent Unit (ConvGRU). The ConvGRU maintains a 2D latent feature

map " that shares the same coordinate system and dimensions as the �nal traversability map.

The latent feature map" is updated as

"C+1 = ConvGRU(WarpA�ne("C ,ΔTC+1), (C+1),

where ΔTC+1 is the relative transform of the robot’s odometry frame from C to C +1. TheWarpA�ne

operation transforms the latent feature map "C from the previous odometry frame to the cur-

rent odometry frame so that the features from "C and (C+1 are spatially aligned. Note that the

WarpA�ne operation is di�erentiable to allow the gradients to backpropagate through time.
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Traversability Inpainting

Since the ConvGRU only aggregates sparse feature tensors," contains little information for areas

where there is no LiDAR point. Instead of treating no-hit area as unknown, we let the network �ll

in the empty space by leveraging the local and global contextual cues via the Inpainting Network.

The inpainting network is a fully convolutional network inspired by FCHardNet [25] which

is originally designed for fast image segmentation. It consists of a sequence of downsampling

and upsampling layers with skip connections, making it e�ective for capturing local and global

contextual information for predicting what is missing.

3.1.3 Implementation Details

We build the traversability datasets from SemanticKITTI [15] and RELLIS-3D [77] to evaluate

BEVNet in both on-road and o�-road scenarios. For SemanticKITTI we aggregate 71 frames with

stride 2 to generate a single traversability map. For RELLIS-3D we aggregate 141 frames with

stride 5. Both datasets provide per-frame odometry, which we use for the di�erential warping

layer in the ConvGRU. The traversability maps have a size of 102.4< × 102.4< with a resolution

of 0.2<. Note that the traversability maps contain an additional “unknown” class marking regions

that have never been observed.

Network training. We train our network using the Adam optimizer [81] with an initial learning

rate of 34 − 4 and a decay of 0.7 per epoch. We use a weighted Cross-Entropy loss. We start with

training a single-frame model without ConvGRU until the model converges. Then we freeze the

sparse convolution layers and insert the ConvGRU layer, and then train the ConvGRU and the

inpainting network together. While technically we can train the whole network end-to-end , this

two-stage training procedure is faster and is more memory-e�cient. When training the ConvGRU,
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we use a sequence length of 5 with a frame stride randomly chosen from [1, 10, 20]. Training takes

about 12 hours on a single RTX 3090. The inference time of our network is 6 fps on a RTX 3090.

Data augmentation. During training, we randomly rotate every pair of LiDAR scans and

the ground truth traversability map in U[−45◦, 45◦], and randomly drop 20% of the points.

Furthermore, we perturb the groundtruth odometry with rotation drawn from N(0, 0.012) and

translation drawn from N(0, 0.12). Note that the error in odometry will accumulate over time.

We evaluate the e�ect of noisy odometry in Sec. 3.1.4.

3.1.4 Experiments

We conduct both quantitative and qualitative study on SemanticKITTI (on-road) and RELLIS-3D

(o�-road) datasets. We trained a separate model for each dataset. We compare with a variety of

baselines, ranging from LiDAR segmentation to scene completion on the validation sequences.

We also perform an ablation study to better understand the contribution of recurrence, and how

our model behaves on the two datasets that have very di�erent characteristics.

Evaluation Metrics

We use the mean Intersection of Union (mIoU) [25], a widely used metric for image segmentation,

as the quantitative measure of the prediction accuracy. Note that our model predicts an additional

“unknown” class to improve the visual consistency, and we exclude the “unknown” class in the

evaluation. To better understand our model’s capability of predicting the future, we report mIoUs

in three modes: seen, unseen, and all. In the “seen” mode, we do not include ground truth labels

obtained from future frames, e�ectively excluding any future predictions. For the “unseen” model

we only include the future predictions. In the “all” scenario, we evaluate on both.
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SemanticKITTI RELLIS-3D

All Seen Unseen All Seen Unseen
BEVNet-S 0.416 0.465 0.308 0.559 0.518 0.545
Clean Odometry

BEVNet-TA 0.468 0.534 0.335 0.615 0.605 0.586
BEVNet-R 0.480 0.547 0.344 0.618 0.577 0.620

Cylinder3D-TA 0.465 0.655 N/A 0.411 0.568 N/A
Cylinder3D-TA-3D w/o ray tracing 0.482 0.660 N/A 0.408 0.649 N/A
Cylinder3D-TA-3D w/ ray tracing 0.471 0.646 N/A 0.384 0.609 N/A

Noisy Odometry

BEVNet-TA 0.379 0.415 0.310 0.452 0.372 0.560
BEVNet-R 0.468 0.529 0.343 0.614 0.572 0.616

Cylinder3D-TA 0.342 0.455 N/A 0.318 0.435 N/A
Cylinder3D-TA-3D w/o ray tracing 0.373 0.479 N/A 0.347 0.517 N/A
Cylinder3D-TA-3D w/ ray tracing 0.369 0.478 N/A 0.331 0.495 N/A

Table 3.1: Mean IoU of di�erent methods on SemanticKITTI and RELLIS-3D.

Comparison with LiDAR Segmentation with Temporal Aggregation

A strong baseline for building a traversability map is to perform semantic segmentation of the

incoming LiDAR scan, project it down to obtain a 2D sparse traversability map, and aggregate

the traversability maps over time. To compare with this approach, we choose Cylinder3D [188]

(�netuned on our 4-class ontology) as the LiDAR segmentation network for its strong performance,

and use the same projection procedure in Sec 3.1.2 on the input LiDAR scan to obtain the single-

frame traversability map. We perform the temporal aggregation by tracking the categorical

distribution of traversability via a uniform Dirichlet prior. To do so, we keep a counter map"� of

size � ×, × 4 (initialized to zeros). It is of the same size as the traversability map except that the

last dimension counts the traversability labels observed so far. We update"� incrementally. For

each incoming single-frame traversability map, we warp"� to the current odometry frame via

bilinear interpolation, and increment the counts by adding the one-hot version of the incoming

single-frame map. The actual traversability label can be obtained by taking the argmax of the last
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dimension of"� .

Results on SemanticKITTI. In the left half of Table 3.1 we compare the performance of BEVNet-

Recurrent (BEVNet-R) with Cylinder3D+Temporal Aggregation (C3D-TA) on the SemanticKITTI

validation set. When only considering what has been observed so far (“seen”) and clean odometry,

C3D-TA is better than BEVNet-R. This shows that LiDAR segmentation with accurate temporal

aggregation can work very well in structured environments such as on-road driving. When

evaluated on the full groundtruth (“full”), BEVNet-R outperforms C3D-TA because C3D-TA cannot

predict the future traversability. When evaluating on noisy odometry, BEVNet-R surpasses C3D-

TA for both “seen” and “full” test scenarios. BEVNet-R uses learned recurrency to “�x” the errors in

odometry and to adaptively forget history in case the error in odometry is too large. In comparison,

C3D-TA solely uses the provided odometry to aggregate information, which may result in large

misalignment as errors accumulate over time.

Results on RELLIS-3D. The results on RELLIS-3D (right half of Table 3.1) share a similar

trend as those in SemanticKITTI, except that BEVNet-R consistently outperforms C3D-TA with a

larger gap. This suggests that o�-road environment is more challenging, where accurate LiDAR

segmentation is hard to obtain due to the lack of environmental structure. Indeed, Cylinder3D only

achieves a 64.1 mIoU on RELLIS-3D for LiDAR segmentation, which is lower than the 87.9 mIoU on

SemanticKITTI. Interestingly, noisy odometry has almost no impact on BEVNet-R. We hypothesize

that it is because the RELLIS-3D dataset contains less clutter and occlusion so BEVNet-R does not

rely heavily on the history for traversability prediction.

Qualitative results In left half of Figure 3.3, we highlight the fact that BEVNet-R can preserve

small dynamic objects such as bicyclists better than C3D-TA. Hand-engineered temporal aggre-

gation is prone to treating small dynamics objects as noise and ignoring them. In comparison,
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BEVNet-R Ground TruthCylinder3D-TA BEVNet-RCylinder3D-TA Ground Truth

Figure 3.3: �alitative comparison of our method and baseline. Left: BEVNet is be�er at
preserving small fast-moving objects such as bicyclists (highlighted by the blue circles), which the
hand-engineered update rule tends to ignore. (Maps are 50% zoomed in). Right: When noise is
injected into the odometry, the learned recurrent network is able to fix errors in BEV map caused
by the noise, while Cylinder3D+TA fails to do this, resulting in a blurry, inaccurate map.

BEVNet can learn to keep small dynamic objects, while preserving smoothness in static regions.

The right half shows the impact of noisy odometry. We can see large misalignment and smear arte-

fact for C3D-TA, whereas BEVNet-R produces signi�cantly cleaner output. Finally, in Figure 3.5

we visualize examples on both SemanticKITTI and RELLIS-3D. In general BEVNet-R shows strong

performance in predicting future traversability. It learns to predict whole cars, alley entrances,

and trail paths with extremely sparse LiDAR points.

Comparison with Semantic Segmentation and 3D Temporal Aggregation.

We additionally provide a baseline that aggregates the points in 3D before projection (Cylinder3D-

TA-3D) using Octomap [73]. The results are included in Table 3.1. 3D-TA works better than 2D-TA

but runs signi�cantly slower. Moreover, 3D-TA struggles more with handling dynamic obstacles

(Figure 3.4). While turning on ray tracing [73] improves the handling of dynamic obstacles

signi�cantly, it also erroneously clear some ground points due to shallow LiDAR incident angles.

More details can be found in Appendix A.7.
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(a) (b) (c)

Figure 3.4: Comparing the seen areas of (a) Cylinder3D-TA, (b) Cylinder3D-TA-3D w/o raytracing
and (c) Cylinder3D-TA-3D with raytracing. The seen areas are slightly di�erent depending on
how aggregation is performed.

Ablation Study

We conduct our ablation study on three variants of BEVNet: BEVNet-Single (BEVNet-S), BEVNet-

Single+Temporal Aggregation (BEVNet-TA), and BEVNet-Recurrent (BEVNet-R).We aim to answer

three questions: 1) is learned recurrence better than temporal aggregation? 2) does history help

predict the future? and 3) where should information be aggregated in the network? We answer

these questions through a set of experiments on both SemanticKITTI and RELLIS-3D datasets.

Is learned recurrence better than temporal aggregation? When evaluated on the full

ground truth, we observe that BEVNet-R consistently outperforms BEVNet and BEVNet-TA on

both on-road and o�-road scenarios (Table 3.1). Notably, BEVNet-TA also outperforms BEVNet,

which shows that any form of recurrence is bene�cial. In particular, we observe that the learned

recurrence makes best use of the temporal information in comparison to the hand-engineered TA.

When noisy odometry is introduced we observe the same trend as discussed in Sec. 3.1.4, where

BEVNet-R shows robustness to noise and outperforms BEVNet-TA.
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Figure 3.5: �alitative comparison of our method on SemanticKITTI [15] and RELLIS-3D [77].
Learned recurrency in our end-to-end network can preserve previously observed information
while predicting future observations for the occluded areas.
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Does history help predict the future? In Table 3.1, we can see that any form of recurrence

that accumulates history helps with predicting the unseen area. When evaluated on unseen

ground truth, BEVNet-TA and BEVNet-R both consistently outperform BEVNet-S, even when

noisy odometry is introduced. This yields an interesting conclusion that any form of memory

acquired through recurrence provides more information for forecasting the future. We emphasize

that learned recurrence especially proves strong improvement in this aspect, as it consistently

outperforms all other approaches on the unseen ground truth.

mIoU

Early Aggregation 0.535

Late Aggregation 0.479

Table 3.2: E�ect of GRU loca-
tion in the network.

Where to put ConvGRU? Recurrence may be applied right

after the sparse convolutions (early aggregation) or may be applied

after the 2D inpainting network (late aggregation). We compare the

two approaches on the SemanticKITTI dataset with clean odometry

and including the unseen area for evaluation. Note that here our

model is trained with clean odometry. As we emphasize with

Table 3.2, our experiments show that early aggregation yields better results than late aggregation.

This is because when early aggregation is applied the inpainting network has access to temporally

fused information, and therefore is given more information to complete the scene and maintain

temporal consistency across scans. Furthermore, we may infer that if late aggregation is applied, it

is more di�cult for the recurrent network to learn to correct the odometry as it is given completed

scenes with potentially noisy information instead of the sparse feature maps.

Comparison and Discussion with other Related Work

Several recent papers have focused on semantic understanding of scenes from sparse LiDAR scans,

which we discuss below. These papers solve related, but slightly di�erent problems. They produce

smaller maps, and do not perform temporal aggregation.



3.2. Visual Terrain Modeling for High-speed, Offroad Navigation 63

Semantic Scene Completion. The scene completion task aims to predict a dense semantic

voxel grid from a single LiDAR scan. To compare to our work, we build a traversability map by

converting predicted dense voxel grids to 2D traversability maps using the same method described

in Sec. 3.1.2.

We compare with JS3C-Net [182] because it is one of the top performing models on the

SemanticKITTI scene completion task and the code is publicly available. We map the 19-class

predictions of JS3C-Net to our 4-class ontology, and project the voxels down to generate 256× 256

traversability maps. We adapt our approach to produce the same output format as JS3C-Net.

JS3C-Net achieves an mIoU of 0.549, whereas BEVNet-S and BEVNet-R achieve an mIoU of 0.592

and 0.608, respectively. This shows that learning to project traversability and inpainting the map

simultaneously can work better than �rst reconstructing the scene, followed by a rule-based

projection.

Inpainting Network. [64] recently proposed an approach that uses GANs to inpaint a sparsely

segmented BEV image. We trained our model using the same SemanticKITTI dataset with the

groundtruth 19-class BEV images as supervision. Note that this task is di�erent from traversability

estimation because it does a simple topdown projection. Our single-frame model achieves 0.253

mIoU on this task, which is signi�cantly higher than 0.131 reported in [64]. Note that [64] assumes

the LiDAR scan has been already segmented, and it does inpainting in 2D. This makes it unsuitable

for our traversability projection due to the lack of 3D reasoning.
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Figure 3.6: High-speed driving in complex o�-road environments requires joint reasoning of
terrain semantics and geometry. Top row: a vehicle can drive at high-speed on a dirt road but
has to be more cautious in snow due to wheel slipping. Bo�om row: a vehicle needs to estimate
terrain slopes and sizes of vegetation for safe planning and control.

3.2 Visual Terrain Modeling for High-speed, O�road Navi-

gation

There are several limitations in the LiDAR-based terrain classi�cation system described in the

previous section. First, it assumes the terrain is �at, but natural terrains have hills and valleys

(Figure 3.6). Moreover, the point cloud from LiDAR can be rather sparse, making it tricky to

build a complete map of the environment when the vehicle travels at high speeds [65]. Another

downside of LiDAR is that it emits lasers into the environment: dust and snow can interfere with

the measurement, and outside observers can detect the vehicle from the emitted lasers.

Cameras, on the other hand, provide a number of bene�ts over LiDAR. Cameras provide

high-resolution semantic and geometric information, stealth due to their passive sensing nature,

are less a�ected by dust and snow, and are considerably cheaper. Hence, a camera-only o�-road
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terrain perception system can potentially reduce the hardware cost, improve the system robustness

at high speeds, and open up new possibilities for o�-road navigation under extreme weather

conditions and where stealth is desired.

Perhaps unsurprisingly, similar motivations have spurred recent major e�orts of camera-

only perception for on-road navigation [34, 68, 97, 123, 183]. This task mainly focuses on Bird’s

Eye View (BEV) semantic segmentation to assess tra�c conditions. One notable work is Lift-

Splat-Shoot (LSS) [123]. The core of LSS consists of a “lift" operation that predicts a categorical

distribution over depth for each pixel and a “splat” operation to fuse the image features and

project them to the BEV space. LSS and related work are entirely data-driven, so they can predict

complete maps and are more robust to sensor noise and projection errors. But their applicability

to o�-road perception is challenged by several barriers. First and foremost, they only predict a

ground semantic BEV map without any 3D terrain information that is critical for planning and

control in o�-road environments. Second, they are usually not optimized for real-time operation.

For example, LSS predicts depth as a categorical distribution along the camera frustums to enable

end-to-end learning, but this comes at a price: the size of the frustum features is large, creating

a time and memory bottleneck, especially for �eld robots with limited hardware capabilities.

Finally, to train such models, we need large-scale labeled terrain datasets. But, to the best of our

knowledge, there are no such datasets for complex o�-road terrains yet.

To this end, we design and implement TerrainNet, a real-time, camera-only terrain perception

system that enables high-speed driving of a passenger-scale Polaris [2] vehicle on complex o�-

road terrains. We make several design choices and innovations to make TerrainNet suitable for

o�-road perception. First, TerrainNet supports multi-view RGB with optional stereo depth as inputs.

Using stereo depth provides valuable geometric context that greatly improves prediction accuracy.

Second, we enhance the predicted depth via an auxiliary loss on the output depth values. This

extra supervision teaches the model to correct and complete the (potentially inaccurate) input
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stereo depth. This turns out to be critical for accurately estimating terrain geometry. To create

ground-truth depth images, we build a complete map of the environment o�ine by aggregating

LiDAR scans and removing outliers from the entire point cloud. Note that LiDAR is only used to

create the training dataset and is not needed in deployment. Third, we make TerrainNet more than

5× faster than LSS by lifting each image feature into a single 3D point and use a soft quantization

technique in the “splat” step to keep the model end-to-end trainable. Lastly, TerrainNet predicts a

multi-layer BEV map that captures both ground and overhanging terrain features.

TerrainNet is the �rst o�-road, camera-only perception system for joint BEV semantic and

geometric terrain mapping in a uni�ed feed-forward model. To train and evaluate our model, we

collect a new challenging large-scale, o�-road dataset from di�erent environments consisting

of both on-trail and o�-trail driving scenarios with extreme elevation changes. We believe our

dataset better covers the diversity of the o�-road driving challenges compared to RELLIS-3D [78],

a publicly available dataset which is captured from a single environment and mainly consists of

on-trail driving scenarios with limited elevation changes. We show that TerrainNet outperforms

recent baselines in semantic and elevation estimation, while being much faster. Finally, we deploy

TerrainNet inside a full navigation stack to have a Polaris vehicle traverse a 1.1 kilometer route

over snow-covered hills.

3.2.1 Related Work

On-road BEV perception. LiDAR and cameras are commonly used sensors in on-road au-

tonomous driving perception systems [91, 123, 188], providing crucial information about surround-

ing objects and their semantics. Convolutional Neural Networks (CNNs) have shown exceptional

performance in image [31] and point cloud [188] segmentation, and they have become the core

of perception systems in on-road scene understanding. Although many of these systems rely on
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LiDAR [91, 137], there has been increasing interest in using cameras due to their lower cost. In

camera-based methods, a critical aspect is learning to project pixel-wise features to the BEV space.

Lift-Splat-Shoot [123] adopts a backward projection scheme that lifts the image features using

predicted depth and then splats the features into BEV space. SimpleBEV [66] and BEVFormer [97]

perform forward projection from a set of grid points in the BEV space to retrieve their correspond-

ing image features. Another line of work [34, 132, 138, 187] learns the projection with an attention

mechanism. TerrainNet adopts a backward projection scheme since it makes full use of image

pixels and does not assume a �at ground. Moreover, TerrainNet leverages stereo depth completion

and soft-quantization for projection. This improves both the speed and accuracy of TerrainNet.

O�-road terrainmodeling. O�-road terrains often exhibit large variations in ground elevations

which can signi�cantly a�ect terrain traversability. Hence, there has been a plethora of work

on geometric terrain mapping. A frequently used representation is a 2.5D elevation map by

aggregating point measurements from LiDARs or stereo cameras [50, 51, 52, 113, 154, 167]. In

more complex environments where overhanging objects need to be considered, a voxel-based

representation [11] or a multi-level surface map [167] are more e�ective in capturing detailed

geometric information. In practice, obstacles or terrain discontinuities leave areas with missing

values in the elevation map, leading to suboptimal motion planning. Inspired by data-driven image

in-painting methods, recent works [139, 154] propose self-supervised learning to reconstruct the

occluded area from an incomplete elevation map.

Besides geometric terrain modeling, semantics also play a critical role in traversability assess-

ment [10, 79, 108, 110]. For instance, tall grass appears as obstacles yet is traversable, whereas

large puddles are perceived as a �at surface but can be dangerous. Semantic segmentation is

typically done in the image space [10, 142, 157] or the BEV space [110, 144]. Since planning is

more convenient in the BEV space, it is a common practice to project the pixel-wise segmentation
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into a BEV cost map using LiDAR or stereo cameras [10, 110]. More recently, [144] present an

end-to-end trainable, recurrent CNN that builds a temporally consistent BEV semantic map from

LiDAR. For a comprehensive literature review in traversability estimation for mobile robots, we

refer readers to surveys [19, 143].

Existing o�-road terrain perception approaches are usually designed for low-speed operations.

Thus, they are able to gather dense sensor measurements to �lter out the sensor noise to estimate

a good terrain model. Some systems support high-speed operations but they are limited to on-

road, �at terrains. In contrast, TerrainNet is designed for high-speed operations on any terrain.

It achieves low latency by using a compact, multi-layer terrain representation [167], while at

the same time maintaining accuracy at high speed with end-to-end BEV perception [123, 144].

Unlike existing systems that require complex algorithms and careful tuning to maintain real-time

operations and consistent mapping, TerrainNet is a simple feed-forward neural network. It is also

fast and can be improved as more training data is available.

Planning. To navigate a vehicle in o�-road environments, a motion planner can leverage the

perceived terrain features to plan safe and e�cient trajectories. The terrain features are usually

converted into costs for a planner to rank and assess the risk of trajectories [20, 21, 42, 47]. In our

experiments, we illustrate how to use the MPPI planner [174] for motion planning with terrain

features and robot capability considered.

3.2.2 O�-Road Terrain Modeling

To enable a robot to drive safely and e�ciently on o�-road terrains, it is crucial to understand

the traversability of its surroundings. Terrain traversability is the amount of cost or e�ort to

traverse over a speci�c landscape. While many factors a�ect terrain traversability, we consider

three primary factors: semantics, geometry, and robot capability.
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BaseMin Ground Elevation

Ceiling Elevation

Max Ground Elevation

Figure 3.7: LeftMulti-layer terrain representation. The ground layer consists of the minimum and
maximum ground elevations to capture the sizes of porous objects like bushes and also preserve
sharp elevation changes a�er discretization. The ceiling layer represents the geometry of the
overhanging objects (e.g., canopy) that might potentially block the path. Right In our practical
implementation, we obtain a dense point cloud of the environment, discretize the G-~ plane
into 2D grid cells (shown in 1D for simpler visualization), and compute the elevation values by
analyzing the point distribution in each cell. We ignore anything higher than the desired vertical
clearance. For each layer and each cell, we count the number of semantic points for each class
and compute a normalized histogram as the semantics of that cell.

Semantics. The semantics of terrain refers to the classes of objects (e.g., bush, rock, tree) or

materials (e.g., dirt, sand, snow) occupying the terrain. Di�erent semantic classes typically have

di�erent physical properties, such as friction and hardness, which can a�ect the capabilities of

the vehicle. For example, since dirt can supply more friction than snow, a vehicle can drive faster

on a dirt road than on snowy ground. Moreover, o�-road vehicles have higher chassis and better

suspension, so they can traverse over bushes and small rocks, albeit at lower speeds due to the

increased resistance and bumpiness. Hence, the semantics of terrain encodes a rich spectrum of

traversability.

Geometry. O�-road terrains are typically non-�at. A vehicle may not have enough power to

climb a steep slope, and driving along a slide slope at high speed poses a signi�cant risk of rolling

over. Additionally, the geometry of objects also a�ects terrain traversability. For instance, a large

bush is harder to traverse than a small bush. Hence, understanding the geometry of terrain is

another important aspect of traversability assessment.

Robot capability. A vehicle’s physical and mechanical properties play another important role
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in terrain traversability. A bigger and more powerful vehicle can traverse over larger bushes or

rocks than a smaller vehicle with less power. Since robot capability is an intrinsic property of

the robot and is independent of terrain properties, we consider robot capability when designing

the cost function later in Section 3.2.5. To some extent, robot capability is also considered when

generating the training dataset, as described in Section 3.2.4.

Multi-layer Terrain Representation

Since a ground vehicle traverses a 2D surface, it is convenient to use a gravity-aligned, 2D top-

down grid map [46] to represent the terrain. Here we consider local navigation, where the map

provides the vehicle with instantaneous information about its surroundings. Hence, we �x the

size of the map and let the map “move” with the vehicle so that the vehicle stays at the center.

This is commonly referred to as the local map. We do not consider building a global map in this

work, though if required, we can leverage existing global SLAM algorithms to stitch the local

maps together to obtain a global map.

The key question is what kind of terrain features to store in the top-down map. Previous

work usually stores semantic classes [110, 144] or elevations [50, 154] for each grid cell. These

representations have two key drawbacks. First, they do not model the hardness or porousness

of the terrain, and hence they cannot capture the di�erence in traversability between a small

and large bush. Second, they either do not consider overhanging objects or merge the semantic

information of overhanging objects with ground objects. This would result in an inaccurate terrain

model because the e�ect on traversability from overhanging objects is di�erent from ground

objects due to the geometry and the lack of gravity-induced force.

To address these issues, we extend the idea of MLS map [167] and propose a multi-layer terrain

representation illustrated in Figure 3.7. It consists of two layers, a ground layer that captures

terrain properties on the ground and a ceiling layer that models overhanging objects. For each
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layer, we model their semantic and geometric properties separately as follows:

Ground layer. For each map cell on the ground, we store the semantic probability distribution

Cground and elevation statistics Hground of the terrain. The categorical distribution Cground ∈ R
 

stores the relative proportions of the  semantic classes occupying each cell. We use the full

distribution of semantic classes instead of a single class label to reduce the information loss caused

by discretization (e.g., a map cell may contain both “dirt” and “bush” if it is at the boundary

between dirt and a bush). The elevation statisticsHground contains the minimum and maximum

elevation values ℎmin and ℎmax on the ground. This allows the height of porous objects (such as

grass and bushes) to be captured separately and resolves sharp elevation changes due to objects

such as rocks and trees.

Ceiling layer. The ceiling layer models overhanging objects, such as canopies and tree branches.

The semantic information Cceiling is similar to Cground but stores the semantic distribution of

overhanging objects. The elevation informationHceiling stores the height of the lowest overhanging

point ℎceiling. If no overhanging points are present (e.g., on open terrains), we set ℎceiling =

ℎmin + ℎclearance, where ℎclearance is a prede�ned constant of the desired vertical clearance.

This two-layer terrain representation captures a number of properties that are crucial for

o�-road navigation: the separate modeling of ground and overhanging semantics allows a robot to

reason about semantic traversability more accurately, and the ground elevation statistics captures

the hardness and sizes of ground objects (refer to Figure 3.7). These features can then be input to

a cost function to build an accurate traversability cost map for planning (see Sec. 3.2.5).

Computing the Terrain Representation

This section illustrates a practical approach that leverages LiDAR sensors to build the proposed

multi-layer terrain representation. This process is summarized in Figure 3.7. While our goal is real-

time visual terrain modeling, we can bene�t from accurate geometric sensors and extensive o�ine
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processing to produce high-quality ground-truth data for training that is otherwise challenging to

obtain in real time.

Point cloud aggregation. Given recorded LiDAR scans, we use o�ine SLAM tools [69] to

generate gravity-aligned poses for each scan and then aggregate them to obtain a globally aligned

dense point cloud. We clean up the point cloud by removing points that are potentially outliers

(see the Appendix B.1 for more details). Since this is done o�ine, we can thoroughly analyze

the point cloud without worrying about the computational cost. Note that we could also use the

stereo cameras for creating the dense point cloud, but we have found that stereo cameras have a

shorter range and produce spurious depths on porous objects and the ground.

Divide and sort. We divide the G-~ plane into 2D grid cells with a desired resolution and sort

points that fall into a cell� (8, 9) by their I-coordinates in ascending order, giving us a sorted point

set {(G: , ~: , I:) ∈ � (8, 9)} for each cell.

Compute elevations. We iterate over the points in each cell, starting from the lowest elevation.

The minimum ground elevation of a cell is computed as

ℎmin =

1

<

<∑

:=1

I: , (3.1)

where < is a tuning parameter to smooth out the sensor noise. Cells without enough points

are marked as unlabeled. Then, we compute the I-gaps of consecutive points as ΔI8 = I8+1 − I8 .

Letting Igap denote a prede�ned constant corresponding to the minimum gap between the ground

and the ceiling, if ΔI8 > Igap, then I8+1 is considered the lowest overhanging point, and we set:

ℎmax = I8 (3.2)

ℎceiling = I8+1. (3.3)
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If no gap is found, then ℎmax is set to the highest point in the cell, and ℎceiling = ℎmin + ℎclearance

where ℎclearance is the vehicle’s vertical clearance.

Compute semantics. The ground and ceiling layers have separate semantic maps. Given a

labeled point cloud (Section 3.2.4), we assign each point to either the ground layer or the ceiling

layer. Speci�cally, for a point (G,~, I),

(G,~, I) ∈




ground, if I ≤ ℎmax.

ceiling, if ℎmax < I < ℎceiling.

ignored, otherwise.

(3.4)

After the partitioning, we compute a normalized histogram for each cell

[?1, ?2, . . . , ? ] =
1

∑ 
:=1 =:

[=1, =2, . . . , = ], (3.5)

where =: is the number of points of class : in that cell.

3.2.3 TerrainNet

In the previous section, we introduced our terrain representation. When a vehicle is deployed in

a new o�-road environment, it has no knowledge of the terrain and thus must build the terrain

representation from its onboard sensors in real time. In this section, we introduce our terrain

inference engine TerrainNet, which predicts the terrain representation from its onboard RGB or

RGB-D cameras.
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Overview

TerrainNet is a single neural network that takes RGB or RGB-D images and jointly predicts terrain

semantics and geometry. Figure 3.8 illustrates the overall pipeline. First, multiple RGB or RGB-D

sensors are passed into the RGB-D backbone. The backbone produces two outputs for each camera:

a dense and corrected depth image, and a 2D feature map. Each valid (i.e., neither self-hit nor sky)

pixel in the depth image is back-projected to a 3D point using the corresponding camera intrinsics

and extrinsics. We compute the terrain embedding for each 3D point that encodes semantic and

geometric features. The per-point terrain embeddings are then down-projected and aggregated

in the gravity-aligned BEV space with a fast, di�erentiable splat operation. The resulting BEV

feature map is decoded into multiple semantic and elevation maps via an inpainting network.

These maps are converted into a costmap by mapping the semantic categories and geometric

features via a cost function that accounts for robot capability. The costmap can then be used by a

local planner to �nd the best trajectory to reach a waypoint. In the following sections, we describe

each component in detail.

Depth Completion and Correction

To build an accurate terrain representation, the most crucial aspect is to have a good spatial

understanding of the environment. Modern stereo cameras can provide dense and accurate depth

at close range. However, the error in depth estimation increases quadratically over distance,

and stereo matching works poorly for porous structures such as vegetation. Moreover, high-end

stereo cameras [1] are equipped with high-sensitivity, low-distortion monochrome sensors for

stereo matching, but they are not engineered for wide �eld-of-view semantic perception like RGB

cameras. In Figure 3.8, we show the stereo depth output with the wide-angle RGB image on our

hardware platform. The stereo depth only occupies a central area of the image, and there are
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many missing depth pixels due to failures in stereo matching. On the other hand, while there

have been substantial advances in monocular depth estimation, they have only been shown to

work well in structured environments where prior knowledge of object sizes and depth can be

learned. O�-road terrains are often much less structured, and we �nd that solely using RGB

information is inferior compared to a stereo system. To combine the rich semantic information of

wide-angle RGB cameras and the incomplete stereo depth, we perform Depth Completion, which

�lls in missing depth pixels and corrects the errors in stereo depth in a data-driven fashion.

Given an RGB image and a stereo depth image (note that these may come from two di�erent

cameras), we �rst transform the stereo depth points into the RGB image to obtain an aligned

RGB-D image � . Then, we pass the RGB-D image into a U-Net similar to [76] to get a dense

depth map. The depth map does not have to be full-resolution, and we �nd 8× downsampling

provides a good trade-o� between speed and accuracy. We adopt a classi�cation approach for

depth completion because it captures depth discontinuity better than regression [129].

Given the completed depth image and the feature map, we use the camera intrinsics K and

extrinsics [R, t] to compute the 3D location of each pixel in the gravity-aligned BEV space.

Speci�cally, given a 2D pixel (D, E) with depth 3 , we transform it to the vehicle-centered, gravity-

aligned BEV frame:

[G,~, I]⊤ = RK
−1 [D, E, 3]⊤ + t. (3.6)

Terrain embedding. For each 3D point, we use the corresponding image embedding as

the semantic embedding 5sem. For elevation, we apply a multi-layer perceptron (MLP) on I to

obtain the elevation embedding: 5elev = MLP(I). We concatenate the semantic and elevation

embeddings together and apply another MLP to obtain the per-point terrain embedding: 5 =

MLP(concat(5sem, 5elev)).
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Figure 3.8: Architecture of TerrainNet. RGB images with stereo depths are input to the RGB-D
backbone to obtain completed depths with semantic features. Note that completed depths exclude
pixels (colored in dark gray) that are potentially self-hits or sky. The per-pixel image features
are back-projected to 3D to compute their terrain embeddings. The terrain embeddings are
then spla�ed onto the BEV feature map with so� quantization. The feature map is temporally
aggregated and finally passed to the multi-head inpainting network to predict a multi-layer
terrain map. Red do�ed boxes indicate where losses are applied during training.
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Fast and Di�erentiable BEV Projection

Given the 3D point set {(G,~, I, 5 )}, the next step is to project the points onto the BEV map by

rounding each point into the nearest integer grid coordinates (round(G/A ), round(~/A )), where A

is the side length of each map cell. The main disadvantage of hard quantization is that we can

no longer correct the grid coordinates via back propagation due to the loss of gradient w.r.t grid

coordinates. Inspired by related work in di�erentiable geometric learning [124], we adopt a soft

quantization approach, where we “splat” each point feature into the 4 neighboring map cells

with weights computed by bilinear interpolation. This allows the depth completion module to

learn to adjust its depth prediction by minimizing the loss in the projected map.

Local feature aggregation. Since multiple points may fall into the same map cell, we compute

the weighted average of the embeddings in each cell, where the weights are given by the soft quan-

tization to create a grid-based BEV feature map. Let ( (8, 9) = {(51,F1), . . . , (5# ,F# )} denote the

set of point embeddings, and their corresponding weights within cell (8, 9), the feature embedding

for the cell is computed as

5cell(8, 9) =
1

,

#∑

:=1

F: 5: , (3.7)

where, =

∑#
:=1F: .

Temporal feature aggregation. Due to occlusion and errors in estimated depth, the map built

from a single frame may not be su�ciently stable and complete. Hence we introduce an optional

Temporal Aggregation (TA) layer that aggregates BEV feature maps over time. The TA layer is a

single ConvGRU similar to that of [144] but with one major di�erence: we use an orientation-stable

odometry frame for aggregation instead of an ego-centric frame to better preserve �ne-grained

details. This is similar to the classical sliding window approach [110] where we shift the map and

integrate the current sensor measurements, but we perform the shifting and aggregation on the

feature map with a recurrent network.
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Multi-head Terrain Inpainting Module

The terrain inpainting module decodes the BEV feature map into complete semantic and elevation

maps. For semantic maps, it predicts a � ×, ×  tensor to represent the probability distribution

of the semantic classes, where �,, are the height and width of the map. For elevation maps, it

predicts a � ×, × 1 tensor to represent the corresponding elevation values. We adopt a U-Net as

the inpainting module with a shared encoder and multiple convolutional decoding heads. Each

head predicts a speci�c type of terrain map. This works better than a single decoding head with

multiple channels because the semantic and elevation maps have di�erent output spaces.

3.2.4 Implementation Details

Hardware Platform

We collect our training and test data on a modi�ed Polaris RZR vehicle [2] shown in Figure 3.6,

which is capable of driving on o�-road terrains at speeds up to 20 m/s (45 mph). The vehicle is

equipped with 4 MultiSense stereo cameras [1] and 3 Velodyne 32-beam LiDAR sensors. LiDAR is

only used for generating ground-truth with the method discussed in Section 3.2.2 and is not used

during testing.

Dataset

We collected our training and validation data on the actual vehicle in several o�-road environments

with diverse appearances (Figure 3.9). We collected 5 sequences of manual driving data, totaling

20k frames. For each sequence, we ran Google Cartographer [69] to obtain gravity-aligned robot

poses for building the ground-truth terrain maps and depth maps.

Create elevation maps. We follow the algorithm in Section 3.2.2 to generate the minimum

ground, maximum ground, and ceiling elevation maps. For each time step C , we aggregate 300
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Figure 3.9: Our dataset consists of diverse o�-road environments. a) vehicle driving at high-speed
on a trail with bushes, grass, rocks, and Joshua trees on the two sides; b) vehicle driving o�-trail
on a hilly terrain with sca�ered grass, bushes, rocks and Joshua trees; c) vehicle driving on a hilly
terrain with tall trees and overhanging canopy. For each environment, we also show (from top to
bo�om) the ground semantics, ceiling semantics, min ground elevation, max ground elevation,
and ceiling elevation. For the ceiling semantic map, we use the sky class to mark areas where no
overhanging objects are present. The max ground and ceiling elevation maps are o�sets to the
ground elevation.
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LiDAR scans (running at 10 Hz) with a time range of (C − 150, C + 149). Note that the vehicle is

always at the origin. We set< = 3, Igap = 1 m, and ℎclearance = 3 m.

Create semantic maps. We ask human labelers to annotate 6k LiDAR scans. These scans are

carefully selected such that they contained the relevant semantic objects. These annotated LiDAR

scans are aggregated and projected to the BEV ground map or the BEV ceiling map using the

algorithm in Section 3.2.2. We identify 7 semantic categories: dirt, dirt-trail, grass, bush, canopy,

tree, and rock. It is straightforward to extend the ontology and �netune the model if additional

data is available, as we show in Section 3.2.5.

Create dense depth maps. We aggregate 50 LiDAR scans for each time step and project the

point cloud to each RGB camera. For each pixel, we keep the smallest depth value.

Pseudo Labeling

To leverage unlabeled data, we train a LiDAR segmentation network to predict pseudo labels [95]

for the unlabeled points in the training set. Speci�cally, we train Cylinder3D [188] on the labeled

LiDAR points and predict the labels for all the unlabeled LiDAR points. We use the pseudo-labeled

LiDAR points to build our ground-truth semantic maps for training. We do not apply pseudo

labeling on the validation set. In Section 3.2.5 we evaluate the e�ect of pseudo labeling.

Training

We split the dataset into 15k frames for training and 5k frames for validation by cutting each

sequence into two non-overlapping train and validation segments. We manually labeled 4500

training frames and 1500 validation frames, and we pseudo-labeled the remaining training frames.

All frames have elevation labels. The images are recti�ed and resized to 512 × 320. We crop and

warp the images such that they all have the same intrinsic parameters. We train TerrainNet on

4 Nvidia A40 GPUs with a batch size of 8 and the Adam optimizer [82]. All models (including
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applicable baselines) are trained for 100k iterations. The map size is 51.2 m × 51.2 m with a

resolution of 0.4 m. There is no limit on the elevation range.

Loss. We �rst pre-train the RGB-D backbone on the depth completion task. We discretize the

depth into 128 bins with a max range of 25.6 m and apply a cross-entropy loss. Then, we train

the whole network end-to-end. For the semantic maps, we use an unweighted cross-entropy

loss. For the elevation maps, we use a Smooth-L1 loss [3] with transition parameter V = 0.2.

Instead of predicting ℎmax and ℎceiling directly, we predict their o�sets to ℎmin. The total loss is

! = !semantic + 0.1!elevation + 0.1!depth.

3.2.5 Experiments

Comparison with Existing BEV Perception Methods

We quantitatively evaluate TerrainNet in terms of its accuracy and speed. We divide the experi-

ments into a few sections, each focusing on a speci�c aspect.

There is a vast amount of literature on on-road BEV perception. Many of them use heavyweight

neural nets, which are unsuitable for running on a compute-limited vehicle. To this end, we focus

on three main BEV perception paradigms and pick the most representative baseline for comparison:

Baseline: Segmentation and Projection. We build a classical pipeline [60, 110] where we �rst

perform image segmentation and then project the pixel labels using the stereo depths. Since we

only label the LiDAR points, we project the labeled LiDAR points to each image as the ground-truth

segmentation mask. We train a state-of-the-art image segmentation network SegFormer-B1 [180]

on our dataset. Then, we use the same pipeline for generating the ground-truth maps to build a

dense point cloud and project it down to the BEV map. We perform nearest neighbor inpainting

to �ll in the unknown space.
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Baseline: Lift-Splat-Shoot. LSS [123] implicitly learns to predict a per-pixel depth map and

splats the features along each depth ray, weighted by the depth distribution. Since vanilla LSS

cannot predict elevation, we modi�ed LSS to compute the terrain embedding in the same way as

TerrainNet. The main di�erence between LSS and TerrainNet is that TerrainNet has explicit depth

supervision and does a “one-hot” splat of terrain embeddings onto the map.

Baseline: SimpleBEV. SimpleBEV [66] performs forward projection with a uniform splat of

image features without considering per-pixel depth. While it has been shown to outperform LSS

and many other strong methods for on-road driving, it is not clear if the same holds for o�-road

driving where the terrain is not �at. We use a grid resolution of 128×128×32 to cover a 3D volume

of 51.2 m × 51.2 m × 51.2 m. (Using a larger I-resolution would make the memory consumption

and training time prohibitive.)

We evaluate two versions of our system: the single-frame TerrainNet and TerrainNet-TA (i.e.,

with a temporal aggregation layer). For a fair comparison, LSS and SimpleBEV use the same image

backbone and inpainting net as TerrainNet with the same hyperparameters for training. We also

train a RGB-only version of TerrainNet, LSS, and SimpleBEV by removing the input depth.

Terrain Modeling Accuracy In Table 3.3, we compare TerrainNet with the baselines in terms

of their accuracy in modeling the terrain. For semantics, we use the standard IoU metric. For

elevation, we use the per-pixel mean absolute error.

TerrainNet surpasses all the baselines for RGB and RGB-D inputs. The fact that TerrainNet

outperforms LSS shows that the explicit learning of per-pixel depth is bene�cial. While it is

possible to project a single depth for LSS during inference, the results are much worse, as shown in

the LSS one-hot depth baseline. SimpleBEV and Seg&Proj perform worse than TerrainNet and LSS.

Figure 3.10 presents a qualitative comparison and Figure 3.11 highlights a particular frame. The
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Method Dirt Dirt-trail Grass Bush Canopy Tree Rock mIoU ↑ Elevation (MAE) ↓ Time (ms) ↓

R
G
B LSS 0.726 0.621 0.921 0.241 0.042 0.081 0.141 0.396 0.375 0.323 0.015 202

SimpleBEV 0.727 0.614 0.922 0.245 0.040 0.041 0.106 0.385 0.417 0.322 0.018 110
TerrainNet 0.730 0.617 0.919 0.257 0.071 0.081 0.177 0.407 0.361 0.315 0.018 25

R
G
B
+
S
te
re
o LSS 0.762 0.656 0.926 0.353 0.096 0.141 0.235 0.453 0.257 0.286 0.016 207

LSS one-hot depth 0.751 0.642 0.919 0.308 0.094 0.098 0.202 0.431 1.028 0.379 0.019 28∗

SimpleBEV 0.754 0.647 0.923 0.320 0.076 0.070 0.140 0.419 0.286 0.299 0.015 113
TerrainNet 0.765 0.666 0.926 0.380 0.125 0.145 0.274 0.469 0.244 0.277 0.015 28
Seg & Proj 0.664 0.671 0.784 0.234 0.109 0.081 0.168 0.387 0.559 0.408 0.034 -
TerrainNet-TA 0.796 0.679 0.928 0.513 0.161 0.192 0.276 0.506 0.243 0.240 0.024 29

Table 3.3: For semantics, we report the per-class IoU and mean IoU. For elevation, we report the
Mean Absolute Error (MAE) for min. ground, max. ground, and ceiling elevation, respectively. We
report the inference time on an RTX 3090. The inference time for LSS one-hot depth is an estima-
tion. For Seg&Proj we do not report its inference time since it depends on the implementation of
temporal aggregation.

RGB-D models preserve more semantic details, with TerrainNet-TA being closest to the ground

truth. The artifacts in the Seg&Proj baseline are due to errors in stereo matching. For more

qualitative examples, please refer to Appendix B.5.

In general, large and more frequent classes (dirt, dirt-trail, grass and bush) are easier to predict

than small, less frequent objects (tree and rock). This is expected since small objects are harder to

localize, especially when they are far. Canopy is also harder to localize due to its overhanging

nature and occlusion. In terms of elevation, TerrainNet-TA does not show notable improvement

in the ground elevation than TerrainNet. We hypothesize that it is due to the recurrent layer

not being able to track the vertical movement of the vehicle well. We leave it as future work to

improve this aspect.

Stereo depth provides signi�cant gains. Models with stereo depths as additional input

outperform their RGB-only counterparts by a large margin. For o�-road environments, objects

are randomly scattered, and they can have similar appearances but di�erent sizes (e.g., small vs.

large bushes). Thus, it is hard to estimate the depth from color information. This suggests that

for o�-road terrain perception, it is preferred to equip the robot with stereo cameras instead of

monocular cameras. The performance improvement is usually worth the extra cost.
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SimpleBEV LSS TerrainNet LSS TerrainNet Seg & Proj TerrainNet-TA

RGB RGB + Stereo DepthCameras Ground Truth

Ground
Semantics

Ceiling
Semantics

Min Ground
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Left
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Figure 3.10: �alitative comparison between TerrainNet and the baselines in one of the forest
environments (best viewed when zoomed in). In general, RGB-D models see more trees. Seg&Proj
shows many artifacts due to errors in stereo matching on the ground. TerrainNet-TA shows the
highest fidelity. See Appendix B.5 for more examples.

Forward vs. backward projection. SimpleBEV performs on par with other methods on dirt,

dirt-trail, and grass. These semantic classes cover a large area of the ground, so accurate depth

estimation is not essential. But for objects such as bush, canopy, tree, and rock, SimpleBEV usually

underperforms. SimpleBEV also performs poorly on elevation estimation, likely due to the low

I-resolution of the grid. Increasing the grid resolution would linearly increase computation and

memory consumption, which is not always feasible.

Learning-based inpainting is better than interpolation. In Figure 3.12, we compare

the predicted ground elevation map from Seg&Proj with Navier-Stokes interpolation [16] and

TerrainNet-TA. Only temporally aggregating the stereo depths creates an incomplete elevation

map due to occlusion. A non-learning-based interpolation cannot leverage the context to predict

the occluded areas, such as the hill crest and the �at ground behind dense vegetation. In contrast,

TerrainNet learns shape priors to predict occluded areas more accurately. TerrainNet is also less
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Figure 3.11: 3D visualization of TerrainNet-TA prediction on a high-speed on-trail sequence. The
green arrow indicates the vehicle’s heading. The Min Ground Elevation map shows a smooth
ground support with porous objects such as vegetation removed. The Max Ground Elevation map
contains the protruding vegetation on the ground. Note the bush far ahead (1) and rocks on the
hills (2, 3) are well captured.
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Figure 3.12: Comparing TerrainNet to Seg&Proj with interpolation. TerrainNet is able to predict
the non-visible hill crest (area 1) and the occluded flat ground (area 2) behind dense vegetation,
whereas interpolating aggregated stereo depths predicts a flat hill and a bumpy ground. TerrainNet
is also robust to artefacts in stereo depths.
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prone to the artefacts in the raw stereo depths.

Inference Speed Inference speed is vital for fast and safe o�-road driving. In Table 3.3,

TerrainNet is 7× faster than LSS. The signi�cant speedup comes from the direct projection of point

features, which avoids the cost of projecting the features to every location on a depth ray. Adding

stereo depth to the input has a minor impact on the speed because it only introduces a few extra

convolution layers. Similarly, the temporal aggregation module has a relatively low overhead.

Ablation Study

Architecture To understand the importance of each component in TerrainNet, we perform an

ablation study by training a few alternative models with some of the components disabled. We

summarize the results in Table 3.4 and have the following observations:

1. Without soft quantization (“No soft quantization” ), the semantic mIoU degrades by 2 points,

indicating the di�erentiable projection is crucial for correcting the end-to-end projection

error from image space to BEV space. It has a small impact on elevation accuracy likely due

to the terrain being naturally smooth.

2. The “No z” variant removes the elevation feature completely and only projects the image

features. This results in a large error in ground elevation.

3. Removing the depth completion network and only using the raw stereo depth (“No depth

completion” ) degrades both semantic and elevation accuracy by a large margin.

4. We also trained a model using the ground-truth depth for the projection (“Full model + GT

depth” ). It has a sizeable improvement both in semantic mIoU (2 points) and elevation error.

The results show that every design decision made in TerrainNet is crucial for its performance.

It also indicates that improving depth prediction accuracy is an e�ective way to improve the
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terrain model.

Pseudo-labeling Since we train a pseudo-labeling model to generate the semantic BEV labels

for the unlabeled training frames, we compare this scheme with two alternatives that do not

leverage pseudo-labeling: 1) using only labeled data (about 4500 training frames), and 2) using the

whole training set but not applying the semantic loss to unlabeled frames (note that elevation loss

is applied to every frame).

Table 3.5 compares the pseudo-labeling scheme with the two alternatives on the validation set

(we do not apply pseudo-labeling to the validation set). Pseudo-labeling provides the largest gain

in semantic prediction (3.7 points) but at a small cost in elevation accuracy. Tuning the weight

between the semantic and elevation loss can potentially mitigate this problem, which we leave as

future work.

Map size We choose 50 m × 50 m maps for our main comparison because the cameras on the

vehicle are tilted downwards such that the image content beyond 25 m gets heavily compressed

and all models struggle at larger maps. Nevertheless, our model can scale to 100 m × 100 m

maps better than Lift-Splat-Shoot. In Table 3.6 we compare Lift-Splat-Shoot, TerrainNet, and

TerrainNet-TA on 100 m × 100 m maps with RGB-D inputs.

We see a similar trend in semantic accuracy: TerrainNet-TA performs the best in semantic

prediction. In terms of scalability, TerrainNet is now 10× faster than LSS. TerrainNet projects each

pixel to one map location, so its projection procedure is independent of map size.

Planning with TerrainNet

To show that the output of TerrainNet can be e�ectively used by a planner for o�-road navigation,

we also ran experiments with a planner in the loop.
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mIoU ↑ Ground Elevation (MAE) ↓
No soft quantization 0.449 0.254
No z 0.451 0.628
No depth completion 0.432 0.314
Full model 0.469 0.244
Full model + GT depth 0.496 0.232

Table 3.4: Ablation study with TerrainNet and RGB-D inputs.

Training data mIoU ↑ Ground Elevation (MAE) ↓
Only manually labeled 0.432 0.281
Manually labeled + All elev. 0.427 0.241

Pseudo labeled + All elev. 0.469 0.244

Table 3.5: E�ects of training data on the terrain modeling accuracy.

Method mIoU ↑ Ground Elevation (MAE) ↓ Time (ms) ↓
LSS 0.399 0.628 402
TerrainNet 0.419 0.586 39

TerrainNet-TA 0.464 0.622 42

Table 3.6: Results on 100 m × 100 m maps with RGB-D inputs.
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Planner. We use MPPI [174], a sampling-based model predictive control algorithm, as our

planner as it is e�ective for high-speed o�-road driving [173, 174]. At each time step, we perform

3000 rollouts with a kinematic bicycle model and evaluate the cost of each rollout using the

terrain features along the trajectory, as described below. Then, we compute the optimized control

trajectory as a weighted average of the rollouts, with the weights computed from the rollouts’

aforementioned costs.

Cost function. The terrain cost � of a trajectory g is a sum of costs evaluated at each state:

� (g) =
∑)
C=1� (BC ) +" (BC ), where) is the planning horizon, BC is the planar vehicle state (location

on the map, velocity, and heading) at time step C , � (B) is the distance from state B to some desired

goal state, and" (B) is the terrain cost at B .

The terrain cost " incorporates both semantic and geometric information based on the

capabilities of the vehicle. There are several ways to do this. For the static comparative experiments

in Figure 3.13, we compute it as follows:

" (B) = 2
ground
semantic + 2

ceiling
semantic + 2elevation

2
groud
semantic = (1 + U1(ℎmax − ℎmin))W

⊤
groundCground

2
ceiling
semantic = (1 + U2(ℎmin + ℎclearance − ℎceiling))W

⊤
ceilingCceiling

2elevation = V1\
2
roll + V2\

2
pitch,

where U1, U2, V1, and V2 are scalar tuning parameters, Wground and Wceiling are tuning vectors of costs

for each semantic class, and \roll and \pitch are the estimated roll and pitch angles of the vehicle

based on the state B and the elevation map from TerrainNet. The height multiplier for semantic

costs helps account for the fact that within any given semantic class, larger obstacles tend to

be less traversable. The elevation cost penalizes large pitch and roll angles. Large pitch angles
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Method Avg. HD ↓ Avg. CD ↓ Time (ms) ↓
SimpleBEV 2.837 0.404 113
LSS 2.760 0.387 207
TerrainNet 2.658 0.371 28

TerrainNet-TA 2.758 0.384 29

Table 3.7: Planning evaluation with open-loop MPPI. Inputs are RGB-D. We compute the Average
symmetric Hausdor� Distance and the Average Cost Di�erence between the optimized control
trajectories on the predicted and the ground-truth costmaps.

may be too steep to ascend, whereas large roll angles may cause the vehicle to tip over. These

angles depend on vehicle heading and can be computed using ℎmin (or ℎmax) at the locations of

the wheels.

For the real-world experiments (Figure 3.14), the terrain cost incorporates more physics:

" (B) = E22
ground
semantic +�lethal1[2rollover > X] (3.8)

2rollover = |^E2 + 6 sin(\roll) |/cos(\roll), (3.9)

where �lethal is the lethal cost, 1[·] is the indicator function, E is vehicle velocity, ^ is trajectory

curvature, 6 is the acceleration due to gravity, and X is a tuning parameter depending on vehicle

geometry. Multiplying the semantic cost 2
ground
semantic by E

2 re�ects the fact that collisions are more

dangerous at higher speeds. 2rollover is the risk of rolling the vehicle based on speed, ground slope,

and how sharply the vehicle is turning.

Static planning comparison. First, we set up an experiment on the validation dataset by

running the MPPI planner on the costmap computed from the output of TerrainNet and other

baselines (all with stereo inputs). The navigation task is as follows: we choose 12 waypoints

in front of the vehicle at a distance of 25 m, spanning from −60◦ to 60◦. Then, we run MPPI to

plan a trajectory to each waypoint. Table 3.7 summarizes the results, and Figure 3.13 visualizes
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Ground Semantics Ground Elevation Costmap LSS TerrainNet TerrainNet + TA

RGB + Stereo DepthGround Truth
Front Camera SimpleBEV

Figure 3.13: Visualization of MPPI control trajectories on two di�erent terrains. Green arrow
indicates vehicle’s heading. Brighter areas correspond to higher costs. All models use RGB with
stereo depth. Top: On-trail driving. The trajectories may go through non-lethal vegetation but
do avoid the tree on the front le� of the vehicle. Bo�om: Driving in a steep valley. Due to the
steep slopes, the trajectories should stay in the valley. We do not visualize the elevation cost here
due to its dependence on vehicle heading.

example costmaps and trajectories. We observe the same trend where TerrainNet with RGB-D

inputs performs the best. One interesting observation is that TerrainNet-TA performs worse than

TerrainNet. This is likely caused by the planner being more sensitive to certain terrain features

than others, and that the vehicle mostly driving forward (making history less useful). Currently,

for generality, we do not discriminate between di�erent terrain classes, but it would be bene�cial

to weigh their in�uence on planning during training. We leave this as future work.

Real-world navigation. TerrainNet has been integrated with an o�-road autonomous driving

stack and tested in real-world environments. Limited by the season, we tested TerrainNet in

an o�-road environment covered with deep snow and steep slopes. Since our dataset does not

contain snow, we annotated 15 LiDAR scans with snow and �netuned our model with an updated

ontology (including snow and snow trail). Figure 3.14 (best viewed zoomed in) shows sample

costmaps, elevation maps, and planner output from an autonomous run. The system completed a

1.1 km run with a maximum speed of 7 m/s (average of 3.2 m/s) with two human interventions.

The interventions were mainly due to errors in odometry from wheel slips. TerrainNet ran at
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Figure 3.14: �alitative results from a closed-loop real-world experiment. Each figure shows the
front RGB camera (non-rectified), elevation map (showing ℎmax), and semantic costmap (showing
2semantic). Overlaid on the semantic costmap, the red line shows the direction of the goal point,
and the green line shows the local plan. From the le�: (1) Driving on a trail with a hill to the

le� side. Note that the trail is lower cost, so the local planner moves faster (as shown by the long
green line). (2) Driving o� trail up a hill. Note that the tall bushes on the le� are very high
cost. (3) Driving uphill with many wheel slips on the snow. The costmap and elevation map
are “smeared” along the direction of travel, which highlights a limitation of temporal aggregation
when odometry is poor. (4) Approaching a steep downhill slope. Although the slope itself is
not yet directly visible, TerrainNet predicts a steep elevation map. The local planner slows down
to reduce the risk of rollover. (The high-cost straight line through the costmap is a manually
GPS-specified keep-out zone to mark the location of a nearby fence.)

20 Hz onboard the vehicle. Due to additional overhead from the system, TerrainNet provided map

updates at 10 Hz. See the website for more details.

3.2.6 Discussion

LiDAR point density. One question a reader may ask is whether increasing the number of

LiDARs is su�cient for building a dense map at high speed. While more LiDARs increase the

point density, it also increases the cost of the system. Compared to typical deployment scenarios

where robots may only have one LiDAR, cameras provide much higher pixel density at a lower

cost. Cameras also provide additional advantages such as higher reliability, stealth, and being

less a�ected by small particles such as dust. Nonetheless, it would be interesting to compare

LiDAR-based mapping and camera-based mapping in challenging environments.

Limitations. While TerrainNet predicts high-�delity terrain semantics and elevations, it has

several limitations to be addressed:
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• It may not generalize well to an environment that is substantially di�erent from the training

environments. This is common in learning-based systems. To improve the generalization,

we can increase the diversity of the datasets and apply domain adaptation techniques.

• It may miss �ne-grained features such as small, lethal rocks. Due to hardware limitations,

the cameras are not precisely synchronized with the LiDARs (note that LiDARs are used

to generate training data). Hence, there exists a small but noisy misalignment between

the projected camera features and the ground-truth maps. This makes it harder for the

model to learn �ne-grained details of the terrain. To address this, we can improve the sensor

alignment and make the model less sensitive to the localization error of small objects.

• TerrainNet does not predict uncertainty. This can lead to dangerous behaviors, such as

the model predicting the other side of a cli� as a ramp. We can incorporate uncertainty

estimation or risk assessment as done by [20] and [47] to make the model risk-aware.



Chapter 4

Precise Local Navigation to Any Object

While there has been signi�cant progress in learning-based systems that can navigate without

a geometric map [44, 125, 126, 147, 148, 152], understand semantics [24, 125, 126, 128, 146], and

follow human instructions [24, 126, 146, 186], these systems typically consider the goal reached

when the robot is within 1m radius to the goal [125, 181]. This lax de�nition of success hinders

their applicability to the growing need for mobile robots to navigate to objects with high precision1.

For example, in a factory, a forklift must position itself correctly to a pallet so that the fork can

be inserted into the pallet without collision (Fig. 4.1b); an inspection robot can more clearly read

gauges when facing instruments perpendicularly at a proper distance. Similarly, a home robot

needs to position itself properly to open a dishwasher (Fig. 4.1a), dock to a charging station, or

place objects at accurate locations (e.g. left side of a table). Lack of precision in the �nal pose of

the robot would incur failures due to collision, out-of-reach, or not adhering to task requirements.

Precision navigation requires a robot to understand the geometry of relevant objects (where

is the goal?) and the local scene structure (how to get there?). One classical approach would be

1Weuse theword “precision” to indicate both low error and high consistency. This is di�erent from the conventional
meaning of “precise” that only refers to high consistency.

95
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(a) Go to the front of the dishwasher and stand from 0.8 m away at 45 degree angle

(b) Go to the front of the pallet and stand from 2.0 m away at 0 degree angle

Figure 4.1: Overview of AMR. Given a masked image describing the target object and an object-
centric pose (relative position and orientation), AMR tracks the object while moving, avoids
obstacles, and aligns the robot to the target object with centimeter-level precision without maps
or object 3D models.

to estimate the object’s pose, from which the desired robot pose can be derived. But this usually

requires speci�c object information such as 3D models [172], and the object being initially visible.

This limits its applicability when the object 3D model is not available or the object is initially out

of view. On the other hand, current learning-based navigation [44, 125, 126, 128, 146, 147, 148]

is not quite applicable to real-world high-precision navigation tasks, as they lack precise goal

conditioning, often assume discrete action spaces [44, 105], or trained on imprecise real-world

data [147, 148].

In this work, we propose Aim My Robot (AMR), an end-to-end vision-based local navigation

model that navigates to objects with centimeter-level precision. AMR does not require an object

CAD model, and instead uses a reference image with object mask and relative pose for precise goal

speci�cation. AMR takes streams of RGB-D and LiDAR data as inputs and outputs trajectories

directly, eliminating the need of a metric map. We achieve high precision and strong generalization
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via two contributions: 1) a data pipeline for generating large-scale, photorealistic, and precise

trajectories to diverse objects; 2) a transformer-based model that takes multi-modal sensor inputs

(RGB-D + LiDAR) and plan precise and safe trajectories. Experiments show that AMR achieves a

median error of 3 cm and 1◦ on unseen objects, with little degradation when deployed on a real

robot. It supports robots of di�erent sizes, and can be �netuned quickly to support more complex

kinematics such as Ackermann steering vehicles. AMR is the �rst system for high-precision visual

navigation with strong sim2real transfer. We hope it paves the way towards precision robot

autonomy.

4.1 Related Work

Object-goal and instance-goal navigation: Object-goal navigation typically refers to a robot

navigating to any object of the speci�ed category (e.g., couch) [28, 58, 105]. Instance-goal nav-

igation uses a close-up view of a speci�c object instance as the goal [24, 85, 86]. In both cases,

success is triggered if the robot is within the neighborhood of the object (e.g., 2.0 m radius in

[86]). Such tolerance is insu�cient when robot-object interaction, such as docking, inspection,

and manipulation, is required. Interestingly, recent works move from end-to-end learning back to

classical approaches [24, 58, 85], citing the challenges of sim2real transfer with learning-based

methods. In this work, we use precise goal conditioning, carefully designed models, and large-scale

photorealistic training data to show that precision navigation trained in simulation achieves strong

generalization to real-world scenarios.

Mobile manipulation systems: There is a surge of interest in developing learning-based

mobile manipulation systems [44, 55, 74, 75, 169, 184]. Some works assume additional information

such as object pose or robot pose to be available ([74, 75, 169, 184]). Other systems show that
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it is possible to directly map sensor observations to actions [44, 55], but they only consider a

limited set of scenarios (e.g. no need to avoid unseen obstacles or handle unseen objects), so

that high-precision base positioning is not a major concern. As of today, the most general and

capable mobile manipulation systems are still modular [9, 101], and they require mapping the

environment and objects beforehand. In particular, [101] shows that accurate base positioning is

crucial for manipulation to succeed. Our work can be integrated into both learning and modular

mobile manipulation systems so that a robot can reach an accurate base pose for manipulation

without a prior map or object model.

4.2 Problem De�nition

We consider the scenario where the robot has reached the vicinity (<10m, about a room size) of

the object of interest and needs to perform a local, object-centric high-precision maneuver for

docking, inspection and manipulation. We formulate this as a local navigation task where the goal

� consists of the target object and the relative base pose (in (� (2)) to the object. For generality,

we assume� is provided by another system. The robot has a tilt-enabled forward RGB-D camera

at 1.5m high and a 2D LiDAR mounted on the base, providing 360◦ coverage. Concretely, the robot

is given past sensor observations {>C , >C−1, ...} along with the goal � , and needs to move its base

to reach the speci�ed pose while tilting its camera to gaze at the object. The robot does not have

the object’s 3D model or a 2D/3D map.

Goal speci�cation. Due to the lack of the object’s 3D model and a map, one challenge is how to

unambiguously de�ne the goal� . To address this, we assume the robot is given a reference image

�' with the target object mask" (Fig. 4.2a and 4.2b). �' can be taken from the robot’s long-term

memory or from its recent observations. To make goal speci�cation object-centric, we use the
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(a) "Go to the right side of the table and stand 0.74m away"

(b) "Approach the cabinet's front face at  from the right side and
stand 0.84m away"

Reference Image Robot goal pose

(c) Parameterization   of the robot
goal pose relative to the target object in the
reference image. Front side is the most visible
side in .  and  are defined relative to .

 

Target

Object

Reference
   

Robot goal pose

Figure 4.2: Problem setup. We specify the target object via a reference image �' taken in the
scene and an object mask" (in green). The goal condition C is defined as the relative side and
pose of the object in �' . A robot needs to navigate to the object conditioned on C and tilt its
camera to gaze at the object.

fact that common objects have 4 dominant sides (i.e. described by its bounding box). Denoting the

most visible side in �' as the front, then the relative pose can be de�ned as C = {(, 3, \ }, where

( ∈ {front, back, left, right} is the approach side, 3 ∈ [0.0m, 1.0m] is the approach distance, and

\ ∈ {0◦,±15◦,±30◦} is the approach angle. See Fig.4.2c for an illustration. Hence, � = {�', ",C}.

Discussion. Existing object instance navigation systems require taking a close-up view for each

object [86] or mapping object locations [9, 24, 101]. In comparison, our formulation uses mask

to specify the object instance in an image. It does not require a close-up view or building a map.

Moreover, it can be interfaced with a high-level task planner (e.g. SAM [84], TAMP [57] and LLM

[98]) that outputs mask and pose parameters whereby AMR guarantees precise base and camera

positioning.
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Figure 4.3: Example rendered images of HSSD scenes in Isaac Sim.

4.3 Aim My Robot

In this section, we detail our technical approach. We �rst describe our data pipeline that generates

large-scale, high-quality demonstrations entirely in simulation. Then, we introduce AMR, a

multi-modal architecture for robust and precise local navigation.

4.3.1 Data Generation

Achieving strong generalization and high precision requires training data containing diverse

scenes, objects, and precise trajectories. Since humans are poor at estimating distances and angles

from images, we forgo teleoperation and leverage simulation and model-based planning for data

collection.



4.3. Aim My Robot 101

Chair Cabinet Picture Shelf Table Unlabeled

Figure 4.4: Sample objects in the scenes. We consider all objects, including those that are not
semantically labeled.

Assets and simulator. We import the Habitat Synthetic Scenes Dataset (HSSD) [80] which

contains diverse room layouts (100+) and objects (10,000+) into Isaac Sim. Since HSSD contains

PBR textures, Isaac Sim is able to render photorealistic images using ray tracing (Fig. 4.3). The

diversity and realism of the perception data enable strong visual sim2real transfer.

Sampling goal condition. We model the robot as a cylindrical rigid body with a radius '

sampled from [0.1m, 0.5m]. The robot is randomly placed in the traversable area of a room. A

reference image �' is rendered either from the robot’s initial camera view or from a random camera

view in the room. Then, the target object mask " (obtained from the simulator) is randomly

chosen from �' . Non-objects such as walls and �oors are excluded. We sample a goal speci�cation

C by randomly choosing a side ( ∈ {front, back, left, right}, distance 3 ∈ [0.1m, 0.5m] and angle

\ ∈ {0◦,±15◦,±30◦}. Finally, we place the robot at the goal and check for collisions.

Trajectory generation. The robot kinematic model is assumed to be a di�erential-drive robot.

We run AIT* [155] using the ReedsShepp state space with a turning radius of 0 for planning the

base motion. It is straightforward to change the state space to model robots with other kinematics.
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Figure 4.5: Network architecture. The reference image �' and the robot’s RGB-D observations
�C are tokenized with MAE [67]. The current LiDAR scan is tokenized by grouping points into
directional bins. Image and LiDAR tokens are input into the multi-modal context encoder jointly
with the look-at pose and embodiment tokens. Finally, the output tokens of the context encoder
are cross-a�ended to the base trajectory decoder and the camera tilt decoder. S are the learned
start tokens for the decoders.

The cost function encourages the camera to look toward the goal while penalizing excessive

backward motion (small backward motion is allowed if the robot can reach the goal faster). For

each feasible path, we render the camera observations along the path with a distance gap of 0.2m

or an angular gap of 5◦. The camera tilt angle is set such that the lowest vertex of the object mesh

appears at ¼ above the bottom of the image (even when the object is out of view).

4.3.2 Model

AMR is a transformer-based model (Fig. 4.5) based on two design principles: 1) a uni�ed approach

to representing multi-modal sensory data, and 2) an action decoding scheme that generates precise

and collision-free actions. The system is divided into three stages: multi-modal sensor encoding,

goal-aware sensor fusion, and multi-modal motion generation. We detail each stage as follows.
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Encoding Multi-modal Sensor Data

We use RGB, depth, and 2D LiDAR observations to achieve high precision and robustness. RGB is

used for visual reasoning, depth provides precise 3D geometric information, and LiDAR ensures a

360◦ coverage for robust collision avoidance.

Encoding RGB-D: The current RGB image �C (224 × 224 × 3) is passed into a frozen MAE-Base

encoder [67] to obtain a 14 × 14 × 512 feature map. Each depth image is resized to 14 × 14 and we

compute the spatial location of each depth pixel in the robot’s egocentric coordinate frame via

[G′, ~′, I′] = RK
−1 [G,~, 3]) + t, where K is the camera intrinsics and [R|t] is the camera extrinsics.

We apply a sinusoidal position embedding 5 for G′, ~′, I′, respectively, and concatenate them to

obtain the position embedding for each depth patch as [5 (G′); 5 (~′); 5 (I′)]. We add depth position

embedding to each corresponding RGB patch. To incorporate past observations �C−8 , we set the

camera extrinsics [R|t] to be the transform between the camera pose at C − 8 and the robot base

pose at time C , which can be obtained from the robot’s odometry. Compared to concatenating

RGB and depth tokens which require 2x number of tokens, using depth as positional encoding is

more e�cient since it keeps the number of visual tokens unchanged.

Encoding LiDAR: We resample the LiDAR points into # = 256 points. The points are grouped

into 32 directional bins. The points in each bin (8 of (G,~) coordinates) are passed into a Multi-layer

Perceptron (MLP) to obtain one LiDAR token. In total, there are 32 LiDAR tokens.

Goal-aware, Robot-aware Sensor Fusion

We tokenize the reference image with the same frozen MAE. The mask" is encoded by a shallow

convolutional network, similar to [84]. All the visual tokens are �attened and passed to the Vision

Context Encoder F . The output tokens corresponding to the robot’s observations are decoded into
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target masks using the mask decoder G. This helps F to learn to track targets. The embodiment

token encodes the robot’s radius '. Finally, the visual tokens, LiDAR tokens, goal tokens, and

embodiment token are input to the Multi-modal Context Encoder. The output serves as the context

for motion generation.

Motion Generation

We use a separate transformer decoder for the base movement and the camera tilt angle, re-

spectively. AMR predicts base trajectory and camera tilt angle at di�erent frequencies. For base

trajectory, it operates in a receding-horizon fashion: the robot follows the predicted trajectory up

to ) steps and then predicts a new trajectory given the updated robot observations. For camera

tilt angle, it predicts a new value at every time step. This separate decoding saves computation

since the trajectory decoder only runs once for every ) steps.

Base trajectory decoding: The base trajectory is parameterized by a sequence of waypoints in

egocentric polar coordinates. To capture the multi-modal nature of robot trajectories, we use an

autoregressive transformer decoder. Since autoregressive classi�cation requires discretizing the

actions, to preserve the precision, we adopt multi-token classi�cation with residual predictions.

Speci�cally, we represent each waypoint by a sub-action tuple (direction k8 ∈ [0, 2c], distance

A8 ∈ [0, 0.2m], heading q8 ∈ [0, 2c]), 8 = 0, ..., # − 1 and samplek, A, q conditionally in sequence.

This representation reduces the number of bins required for classi�cation, as classifyingk, A, q at

once would require a combinatorial number of bins. In practice, we discretizek , A , q into 30, 32, 12

bins, respectively. For each output token I, we recover the continuous value I′ = � (I) +'(I,� (I))

where � (·) is the output from the classi�er, and '(·, ·) is an MLP that predicts the residual. Our

scheme is faster than di�usion [33] and more temporally consistent than BeT [145].
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Camera tilt angle decoding: Since camera tilt control is uni-modal, we continuously predict

the camera tilt angle U via regression at each time step C .

4.4 Implementation Details

Dataset. We converted 54 HSSD [80] environments into Universal Scene Description (USD)

format and generated 500k trajectories (7.5 M frames) in Isaac Sim [120]. We use 49 scenes for

training and 5 scenes for evaluation. There are 3,119 target objects in the training scenes and 275

target objects in the test scenes. Among the 275 test objects, 160 are unseen during training. We

randomly sampled robot starting locations and target objects, and created 2000 navigation tasks

in unseen environments for evaluation.

Training. We train AMR for 150k steps with a batch size of 128 on 8 A100 GPUs. We use the

following loss function:

! = !mask + !base + !tilt

where !mask is pixel-wise L2 loss, !base is a sum of classi�cation loss and regression loss akin to

[145], and !tilt is an L2 loss that regresses the camera tilt angle.

After the initial Behavior Cloning phase, we ran the model in simulation and identi�ed failures

(collision, tracking loss, out of tolerance), and used DAgger [135] to augment the dataset. For

each failure, we run the planner on states before the failure point to generate the corrective plans.

We create a new dataset by rendering the observations of the new plan. Due to the high cost of

generating on-policy DAgger trajectories, we use the same DAgger dataset for all models.

Allowing sideways motion in the DAgger phase. A di�erential drive robot is incapable

of sideways motions, which is ine�cient for making small lateral adjustments. Since an omnidi-

rectional base can traverse laterally, we allow a small amount of sideways motion in the DAgger
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phase. Speci�cally for the omnidirectional robot, if the robot is within 0.5 m of the goal, we remove

the kinematics constraint imposed by the di�erential drive mechanics and let the robot “teleport”

to the goal.

Deployment. We deploy AMR on a real mobile manipulator with an omnidirectional mobile

base [4] and a simulated forklift with Ackermann steering in Isaac Sim. Each trajectory contains

# = 12 waypoints, separated by3C = 0.2B . To track the predicted trajectories, we use a Pure Pursuit

controller [39] for the omnidirectional robot and a Model Predictive Control (MPC) controller for

the forklift. The camera tilt angle is updated at every time step, whereas the trajectory is updated

with a new prediction at every 8 steps. The models run at 12 Hz on a RTX 3090.

4.5 Experiments

We perform quantitative experiments both in simulation and in the real world. Each run

performs closed-loop inference until the robot comes to a stop, collides with obstacles, or exceeds

the time limit. We report the �nal distance and orientation error relative to the goal. Additionally,

we report the collision rate in the ablation study. In the real-world experiments, we measure the

ground truth goal pose against an occupancy map with 2 cm resolution. The robot’s ground truth

pose is obtained by classical Monte Carlo Localization [53].

For experiments with HSSD, we trained all models without history (hist=0), as we found that

history did not show noticeable bene�ts in simulation. In our real robot experiment, we trained a

model with 4 past frames and compare it against hist=0 model.

We conduct additional qualitative experiments to highlight generalization to novel tasks

using AMR: We show generalization to new tasks and scenes in the real-world, closing a fridge

drawer using the robot body, and a forklift picking up a pallet.
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Figure 4.6: Test scenes used for quantitative evaluation in simulation. These scenes have
diverse layouts, objects, and textures.
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4.5.1 Simulation Results with HSSD

Baseline: We compare our method against a classical pipeline based on object pose estimation.

We use FoundationPose [172] to estimate the pose of the target object in the initial observation.

The posed bounding box is used to compute the goal pose as described in Sec. 4.2. Then, we run

the same planner to �nd a path using the groundtruth occupancy map, and navigate the robot to

the goal. Note that such a system uses extra information not required by AMR: 1) a CAD model

of the target object; 2) the object is visible in the robot’s initial observation (required by pose

estimation); and 3) perfect mapping.

Quantitative Results: Fig. 4.7 compares the error distribution between AMR and the classical

approach. We consider two cases: FFR (First Frame is Reference) and non-FFR. FFR uses the

initial observation as the reference image, which is required by object pose estimation. In the

FFR scenarios, AMR performs well even when the object is far. It achieves signi�cantly lower

distance and angular errors than the classical approach. One interesting observation is that the

angular error for the baseline increases when objects are too close (0 − 2m). This is usually caused

by large objects (e.g. furniture) being partially out of view. In contrast, AMR actively moves the

robot, making it more robust to state estimation errors. In Table 4.1 we compare the median pose

errors between the seen objects and unseen objects in the test scenes. We do not see a clear gap,

showing that AMR generalizes well to unseen objects.

Impact of object visibility. Non-FFR mode shows higher errors since the target object may

not be visible in the initial observation. To study the impact of object visibility, we group the

test cases based on whether the objects are initially visible, and present the results in Fig. 4.8.

Object visibility has only minor impact on the accuracy when the object is within 4 m range.

AMR is able to leverage visual context to navigate well. When objects are initially invisible and
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Seen (136 unique objects) Unseen (166 unique objects)
Category MAE (◦) MDE (m) MAE (◦) MDE (m)

Chair 1.45 0.05 1.08 0.04
Drawers 0.77 0.02 0.55 0.03
Couch 0.82 0.02 0.57 0.04
Picture 0.84 0.03 0.64 0.04
Shelves 0.65 0.07 0.68 0.02
Tables 7.14 0.04 1.20 0.04
Unlabeled 0.78 0.03 0.74 0.04

Table 4.1: Comparison of median angular errors (MAE) and median distance errors (MDE) for
seen and unseen instances across shared categories in the test scenes.

too far, the median errors are stable, but the worst case performance degrades signi�cantly. This

highlights the local nature of AMR and its limited capability of searching for hidden, distant

objects. Increasing the history window of AMR would help this aspect.

Qualitative results: Fig.4.9a and 4.9b present two successful runs (one FFR and one non-FFR)

with di�erent goal poses and robot sizes. AMR plans safe trajectories by considering the robot’s

size, and is able to track and reach target object precisely even when the target is far or out of

view. Fig.4.9c shows typical failure cases for both the baseline and AMR. For the baseline, the

failure is mostly caused by pose estimation in challenging scenarios, such as occlusion and object

being too far. AMR sometimes fails to track the correct object when there are repetitive objects,

and may go to the wrong side when the viewpoint is ambiguous.

4.5.2 Ablation Study

To verify our design choices, we ablate our models by disabling some of the components and

analyze their impacts on the precision (Fig. 4.10) and robustness (Table 4.2). In particular, we �nd

Sensor Modality has the biggest impact. Without LiDAR, the robot is more prone to colliding
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Figure 4.7: Navigation accuracy in the test scenes for various object distances. FFR refers
to trajectories where the First Frame is the Reference image (FFR). Classical pose estimation only
supports FFR.

Full No mask dec. ACT decoder No DAgger No depth No embodiment No LiDAR

3.8 7.1 5.8 5.5 17.7 26.2 25.6

Table 4.2: Collision rate (%) of ablated models.

with surrounding objects. Likewise, the 3D information from depth helps the robot avoid obstacles

and approach targets accurately. Without the Embodiment token the model su�ers from a high

collision rate, because the robot cannot take its footprint into consideration when planning. Our

Autoregressive Trajectory Decoding scheme outperforms Action Chunking Transformer (ACT)

since it better captures the multi-modal nature of navigation trajectories. While Mask Tracking

only moderately improves the precision, it improves the model interpretability, as we �nd strong

correlation between incorrect mask tracking and robot navigating to the wrong object.

Large-scale evaluation matters: In Fig. 4.10, all ablated models have comparable median

errors, indicating that they perform almost equally well for more than half of the test cases, but
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Figure 4.8: Impact of initial object visibility on navigation accuracy for various object

distances in Non-FFR mode. AMR performs well regardless if the object is initially visible or
not. When the object is not visible and too far, AMR experiences performance degradation for
worst-case scenarios.

Initial Observation / Reference

Final Observation

Initial Observation

Reference

Final Observation

, , ,  , , , ,  , 

(1) Large, partially occluded object (2) Distant object

(3) Repetitive object (4) Viewpoint ambiguity

(a) Success (FFR) (c) Failures(b) Success (Non-FFR)

Figure 4.9: �alitative examples: (a) FFR (object initially visible) (b) Non-FFR (object initially
out of view). The initial masks are specified in the reference images (green). Cyan masks are
predicted by the model. Trajectory accommodates the robot radius ' for obstacle avoidance. (c)
Typical failures: (1,2) Baseline: Object pose estimation may fail when the object is partially
occluded or too far (green box: groundtruth, yellow box: prediction) (3) AMR may go to the wrong
object when the object is repetitive. (4) AMR and Baseline: a robot may go to the wrong side
when there is no dominantly visible side (i.e. looking at an object from 45◦ angle). This can be
addressed by using a less ambiguous reference image.
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Figure 4.10: Ablation study demonstrating e�ects of various choices on navigation accuracy in
our test scenes.

their long-tail failure cases vary signi�cantly. This implies that our method is more robust across

large datasets with environment variations.

4.5.3 Closed-loop Hardware Evaluation

We evaluate our system in a real kitchen on a mobile manipulator with an omnidirectional base

and an RGB-D head camera with tilt support. We use one reference image covering the whole

kitchen to specify 4 large objects (fridge, sink, stove and cabinet) and two zoomed-in images for

small targets (spam and cup). The robot is initialized at three distinct starting locations. For

each run, we continuously run AMR to navigate the robot to all 6 objects, with the relative goal

condition describing the robot facing the object of interest, i.e., C=(3 = 1 m, \ = 0◦, ( = front). For

each object, we perform 3 runs.

In Table 4.3, we show the number of successful trials and compute the errors against hand-

measured ground truths. hist=4 succeeded in all tasks except for spam starting at location #3.

Unlike in simulation, history is critical for the robot to track the target, as hist=0 fails more often
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References

Fridge

Sink

Stove

Cabinet

Spam

Cup

Starting locations Final observations

Obstacles

Figure 4.11: Real kitchen experiments. Le�: reference images and contours of target object
masks. While the fridge is partially out of view, the model can still reach the fridge. Middle:

Initial view of the scene through the tilt camera. Right: robot observations a�er reaching each
object overlaid with predicted masks (in cyan).

Fridge Sink Stove Cabinet Spam Cup

Hist=0 1 / 2.4 cm / 2.3◦ 3 / 14.8 cm / 0.1◦ 3 / 2.0 cm / 0.8◦ 2 / 3.1 cm / 1.7◦ 1 / 1.8 cm / 0.6◦ 3 / 9.6 cm / 0.8◦

Hist=4 3 / 3.1 cm / 0.4◦ 3 / 7.9 cm / 0.2◦ 3 / 2.4 cm / 0.8◦ 3 / 2.1 cm / 0.6◦ 2 / 2.0 cm / 0.1◦ 3 / 8.7 cm / 0.9◦

Table 4.3: Navigation accuracy in a real kitchen. For each object we report (#successes /
distance error / orientation error). 3 runs were performed per object. Cells are colored green
according to the number of success runs.

on large (fridge) and small (spam) objects. Among the objects, sink has the largest distance error

due to unstable tracking and the lack of a large surface area, as the sink is an object that is concave

to the tabletop surface and can easily be obscured. With the exception of sink and cup, all other

objects achieve distance errors on the order of 1.8 ∼ 3.1 cm to the goal speci�cation.
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4.5.4 Qualitative Experiments

Generalization in new real-world scenes: In Fig. 4.12, we show additional results of AMR

navigating to diverse objects in another real-world environment. AMR is able to handle objects

being out of view and large viewpoint change (i.e. going to the back of a cabinet). We refer the

reader to the website for the videos.

Closing the fridge drawer: In Fig.4.13, we show that by accurately aiming the robot to a

target object a robot can perform downstream tasks using its body as the end e�ector. The goal is

speci�ed by" = �drawer and C = (3 = 1 m, \ = 0◦, ( = front). Once the robot reaches the goal, the

robot moves forward to close the drawer in open loop.

Loading a pallet in a warehouse: We test AMR on a simulated forklift to load a randomly

placed pallet in a warehouse. Existing work on controlling forklifts requires sophisticated modeling

and motion planning [158, 161] with privileged state information. Here, we show that a learning

system with onboard sensors can achieve the same precision. We empirically generate ∼ 500

demonstrations with forklift dynamics to �ne-tune AMR. In Fig.4.13, we show AMR successfully

navigates a forklift to face a pallet directly C=(3=2 m, \=0◦, (=front). The precision is su�cient

such that the fork can be completely inserted into a pallet by driving the forklift forward in an

open loop fashion. More information is provided in the supplementary material and website.

4.6 Discussion

We present AMR, a vision-based navigation model that navigates to any object with centimeter

precision. While trained completely in simulation, it transfers to real-world and unseen objects

with little degradation in accuracy. AMR does not require object 3D models or a map to operate,
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a.

b.

c.

Reference T=0 T=1/3 T=2/3 T=1

Figure 4.12: Real-world qualitative experiments in new scenes. Le�: reference image with
target object highlighted by the green mask. Remaining columns: robot’s camera view at
) = {0, 1/3, 2/3, 1}. The tracked object is highlighted by the cyan mask. The tasks are: (a) Go
to the back of the cabinet and stand 0.8m away. (b) Go to the front of the landfill trashcan and
stand 1m away. (c) Go to the front of the table and stand 0.5m away.
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Figure 4.13: Using AMR for mobile manipulation tasks. Top: closing a fridge drawer by
pushing the robot body towards the drawer. Bo�om: forkli� loading a pallet. AMR accurately
tracks the target objects throughout.
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runs in real-time at 10 Hz, and easily adapts to non-holonomic robots with �ne-tuning.

Limitations. AMR is designed for local navigation as it is equipped with a short-term memory.

Since it is only trained in household environments, its generalization in other scenarios such as

factories and unstructured environments is potentially limited. Additionally, real robots have

complex geometric shapes and sensor placements, and our assumption of a robot being cylindrical

with a centered camera can hinder its applicability to diverse mobile robots such as legged robots.

However, we anticipate that these limitations can be addressed by increasing the robot’s memory

window, improving the diversity of the training environments, and more comprehensive modeling

of robot shape and sensor placements.
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Conclusion

In this thesis, we presented several learning-based approaches to robot-centric autonomy. First,

we tackle the problem at the global scale. We show that robots can construct e�cient topological

environment representations by learning robot-dependent reachability and behaviors. Then, we

go down to the semi-local level to study how to build a comprehensive robot-centric terrain model

for safe navigation on o�-road terrains. At last, we study the “last-mile” scenario. By adopting a

robot-centric goal speci�cation and action parametrization, we enable a robot to navigate to any

object with centimeter-level accuracy without a global map.

But how far are we from building autonomous robots that surpass human capabilities? While

robots already outperform humans in controlled environments for speci�c tasks, they remain far

from operating robustly across any task in the wild. To bridge this gap, we outline a few promising

directions:

Betterworld representations. Akey limitation of current robot learningmodels is the choice of

world representation. Using single RGB images are convenient but they provide limited knowledge

about the world. Consequently, these models struggle with even minor changes in setup, such

117
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as scene appearance, camera viewpoint, or robot embodiment. Metric representations like point

clouds generalize better by preserving geometry, but they are only accurate at near range. Other

modalities, such as tactile and auditory signals, o�er rich world information but how to integrate

them into a a uni�ed world representation remains underexplored.

Forcing all sensing modalities into a rigid 3D representation may not be ideal. For example,

long-range vision information is valuable but hard to localize in 3D, while tactile and auditory

signals are transient and are not 3D. A promising approach could involve tokenizing sensor data

in a uni�ed manner, using positional embeddings to encode spatial and temporal locations. The

AMR project illustrates an e�ective way to unify RGB-D and LiDAR data. Extending this to

include additional sensing modalities and topological maps could yield a persistent, uni�ed scene

representation that better captures the complexity of real-world environments.

Better perception-action models. Most current perception-action models are trained on

limited demonstrations, predominantly in tabletop manipulation settings. Consequently, their

generalization capabilities are restricted to similar setups. Mobile manipulation requires design-

ing perception-action models that allow robots to navigate, perceive, and interact with their

environments seamlessly. This involves addressing several critical gaps:

1. Developing persistent, multi-modal world representations for sensing.

2. Building action models that precisely control all the degrees of freedom of a robot, with

reactive, real-time feedback.

3. Incorporating active learning components that encourage robots to explore their environ-

ment, interact with objects, and improve autonomously through self-supervision.

Investing in these capabilities would enable robots to acquire knowledge dynamically and re�ne

decisions continuously, enhancing their ability to operate robustly in diverse scenarios.
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Scalable data generation. Robot data collection primarily relies on teleoperation. Unlike

language data, which can be e�ciently gathered from the Internet, teleoperation-based data

collection has signi�cant limitations:

1. It occurs in real time, meaning scaling requires additional hardware and human teleoperators.

This is costly.

2. The data is tied to speci�c robot embodiments and environments, limiting its utility when

deployed on a di�erent robot and in a di�erent environment.

3. Tasks are constrained by the capabilities of human teleoperators, but we want robots to

perform tasks beyond human reach.

Simulation o�ers a promising solution for scalable data generation. Recent advances in

simulators and large-scale assets have enabled models trained in simulation to transfer to real

robots in a zero-shot manner. However, accurately modeling physics and setting up robot tasks in

simulation remains labor-intensive. Improving the e�ciency of these processes will be crucial to

training robot policies for diverse embodiments with minimal e�ort.
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Appendix A

LiDAR-based Semantic Terrain

Classi�cation

A.1 Network Architecture

We provide a detailed description of our network here, illustrated in Figure A.1. The 3D projection
is composed of a set of 3D convolution blocks, where the 3D SubM Conv block is a sequence of
Submanifold 3D convolution, Bachnorm, and ReLU activation. The 3D Conv block maintains the
XY resolution but compresses in the z dimension, and is made up of 3D convolution, Bathnorm,
and ReLU activation. The Temporal Feature Aggregation module has a single ConvGRU layer for
e�ciency. The BEV Inpainting network is a modi�ed variant of FC-HardNet with skip connections
based on Harmonic DenseNet [25]. Each encoder block is a Harmonic Dense (HarD) block with
Average Pooling, with no pooling for the middle layer. Each decoder block upsamples the features
with Transposed convolution with bilinear upsampling, and features from the corresponding
encoder block is concatenated. Each decoder block has a HarD block following the skip connection.
The �nal BEV map is predicted with a Fully convolutional layer as the classi�cation layer.

Network training. We train our network using the Adam optimizer [81] with an initial learning
rate of 34 − 4 and a decay of 0.7 per epoch. We use a weighted Cross-Entropy loss. We start with
training a single-frame model without ConvGRU until the model converges. Then we freeze the
sparse convolution layers and insert the ConvGRU layer, and then train the ConvGRU and the
inpainting network together. While technically we can train the whole network end-to-end , this
two-stage training procedure is faster and is more memory-e�cient. When training the ConvGRU,
we use a sequence length of 5 with a frame stride randomly chosen from [1, 10, 20]. Training takes
about 12 hours on a single RTX 3090. The inference time of our network is 6 fps on a RTX 3090.

Data augmentation. During training, we randomly rotate every pair of LiDAR scans and
the ground truth traversability map in U[−45◦, 45◦], and randomly drop 20% of the points.
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Figure A.1: Detailed illustration of our BEVNet-R architecture. BEVNet-S has the same architure
with ConvGRU excluded.

Furthermore, we perturb the groundtruth odometry with rotation drawn from N(0, 0.012) and
translation drawn from N(0, 0.12). Note that the error in odometry will accumulate over time.

A.2 Dataset

A.2.1 Traversability Mapping

Table A.1 shows how we map the raw class labels to the 4-level traversabilities.

A.2.2 Class distribution

Figure A.2 shows the class distribution of SemanticKITTI and RELLIS-3D using our BEV labels
based on the 4-level traversability ontology.

A.2.3 Train/Validation Split

SemanticKITTI We choose sequence 08 as our validation sequence, which is typically done by
other works including but not limited to which [188] we compare to.

RELLIS-3D We choose sequence 04 as our validation sequence. While the authors of the
dataset [77] provide a split, it follows random selection of samples and therefore does not �t our
training of recurrent model. Instead, we select a whole sequence as a holdout dataset.
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Dataset free low-cost medium-cost lethal

SemanticKITTI road
parking
sidewalk
other-ground

terrain vegetation car
bicycle
bus
motorcycle
on-rails
truck
other-vehicle
person
bicyclist
motorcyclist
building
fence
trunk
pole
tra�c-sign
moving-car
moving-bicyclist
moving-person
moving-motorcyclist
moving-on-rails
moving-bus
moving-truck
moving-other-vehicle

RELLIS-3D dirt
asphalt
concrete

grass
puddle
mud
rubble

bush tree
pole
vehicle
object
building
log
person
fence
barrier

Table A.1: Mapping of the original class labels to the 4-level traversabilities for the SemanticKITTI
and RELLIS-3D datasets.
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Figure A.2: Individual class distribution across our 4-class ontology on SemanticKITTI (le�) and
RELLIS-3D (right). Distribution is recorded from the total dataset as the proportion of total pixels
each class has in the generated BEV labels.

A.3 More Quantitative Results

We present additional quantitative results here including classwise Intersection over Unions.
Moreover, we add an additional model “BEVNet-R (C)” which is trained on clean odometry. The
model in the main paper “BEVNet-R” is renamed to “BEVNet-R (N)” (trained on noisy odometry).
Speci�cally:

• Table A.2,A.3,A.4 show the results on the SemanticKITTI dataset for the “all”, “seen”, and
“unseen” modes, respectively.

• Table A.5,A.6,A.7 show the results on the RELLIS-3D dataset for the “all”, “seen”, and
“unseen” modes, respectively.

A.4 Additional Comparison with Various Baselines

Several recent papers have focused on semantic understanding of scenes from sparse LiDAR scans,
which we discuss below. These papers solve related, but slightly di�erent problems. They produce
smaller maps, and do not perform temporal aggregation.

• Semantic Scene Completion. The scene completion task aims to predict a dense semantic
voxel grid from a single LiDAR scan. To compare to our work, we build a traversability map
by converting predicted dense voxel grids to 2D traversability maps using the same method
described in Sec 3.2.
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free low-cost medium-cost lethal mIoU
BEVNet-S 0.666 0.484 0.113 0.456 0.430
Clean Odometry

BEVNet-S + TA 0.672 0.516 0.271 0.500 0.490
BEVNet-R (N) 0.719 0.551 0.171 0.480 0.480
BEVNet-R (C) 0.768 0.620 0.215 0.538 0.535

Cylinder3D + TA 0.612 0.510 0.264 0.476 0.465
Noisy Odometry

BEVNet-S + TA 0.578 0.449 0.232 0.328 0.397
BEVNet-R (N) 0.705 0.532 0.171 0.464 0.468

BEVNet-R (C) 0.669 0.523 0.192 0.451 0.459
Cylinder3D + TA 0.466 0.390 0.193 0.318 0.342

Table A.2: SemanticKITTI. Including both the seen and unseen area.

free low-cost medium-cost lethal mIoU
BEVNet-S 0.713 0.529 0.148 0.538 0.482
Clean Odometry

BEVNet-S + TA 0.723 0.571 0.363 0.590 0.562
BEVNet-R (N) 0.776 0.613 0.227 0.572 0.547
BEVNet-R (C) 0.844 0.703 0.298 0.654 0.625
Cylinder3D + TA 0.864 0.745 0.378 0.635 0.655
Noisy Odometry

BEVNet-S + TA 0.600 0.480 0.308 0.362 0.438
BEVNet-R (N) 0.756 0.588 0.224 0.549 0.529

BEVNet-R (C) 0.723 0.575 0.247 0.532 0.519
Cylinder3D + TA 0.617 0.532 0.272 0.399 0.455

Table A.3: SemanticKITTI. Only the seen area.
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free low-cost medium-cost lethal mIoU
BEVNet-S 0.560 0.398 0.069 0.247 0.319
Clean Odometry

BEVNet-S + TA 0.558 0.409 0.147 0.278 0.347
BEVNet-R (N) 0.597 0.430 0.094 0.255 0.344
BEVNet-R (C) 0.608 0.461 0.096 0.249 0.354

Cylinder3D + TA - - - - -
Noisy Odometry

BEVNet-S + TA 0.522 0.388 0.129 0.249 0.322
BEVNet-R (N) 0.593 0.424 0.098 0.254 0.343

BEVNet-R (C) 0.553 0.420 0.113 0.244 0.332
Cylinder3D + TA - - - - -

Table A.4: SemanticKITTI. Only the unseen area.

free low-cost medium-cost lethal mIoU
BEVNet-S 0.493 0.550 0.597 0.596 0.559
Clean Odometry

BEVNet-S + TA 0.737 0.613 0.544 0.565 0.615
BEVNet-R (N) 0.557 0.602 0.632 0.682 0.618
BEVNet-R (C) 0.675 0.593 0.633 0.676 0.644

Cylinder3D + TA 0.250 0.413 0.398 0.584 0.411
Noisy Odometry

BEVNet-S + TA 0.621 0.522 0.293 0.370 0.452
BEVNet-R (N) 0.553 0.598 0.628 0.675 0.614

BEVNet-R (C) 0.266 0.361 0.473 0.450 0.387
Cylinder3D + TA 0.229 0.348 0.289 0.407 0.318

Table A.5: RELLIS-3D. Including both the seen and unseen area.



A.4. Additional Comparison with Various Baselines 147

free low-cost medium-cost lethal mIoU
BEVNet-S 0.230 0.578 0.617 0.649 0.518
Clean Odometry

BEVNet-S + TA 0.611 0.638 0.560 0.609 0.605
BEVNet-R (N) 0.323 0.622 0.650 0.711 0.577
BEVNet-R (C) 0.489 0.621 0.655 0.716 0.621
Cylinder3D + TA 0.478 0.660 0.509 0.727 0.568
Noisy Odometry

BEVNet-S + TA 0.398 0.514 0.225 0.350 0.372
BEVNet-R (N) 0.322 0.617 0.646 0.705 0.572

BEVNet-R (C) 0.07 0.327 0.462 0.457 0.329
Cylinder3D + TA 0.460 0.438 0.357 0.485 0.435

Table A.6: RELLIS-3D. Only the seen area

free low-cost medium-cost lethal mIoU
BEVNet-S 0.713 0.488 0.546 0.433 0.545
Clean Odometry

BEVNet-S + TA 0.843 0.555 0.502 0.446 0.586
BEVNet-R (N) 0.754 0.559 0.583 0.584 0.620
BEVNet-R (C) 0.830 0.530 0.574 0.547 0.621

Cylinder3D + TA - - - - -
Noisy Odometry

BEVNet-S + TA 0.811 0.546 0.460 0.421 0.560
BEVNet-R (N) 0.748 0.557 0.579 0.579 0.616

BEVNet-R (C) 0.435 0.432 0.509 0.420 0.449
Cylinder3D + TA - - - - -

Table A.7: RELLIS-3D. Only the unseen area.
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• Inpainting Network. [64] recently proposed an approach that uses GANs to inpaint a
sparsely segmented BEV image. We trained our model using the same SemanticKITTI
dataset with the groundtruth 19-class BEV images as supervision. Note that this task is
di�erent from traversability estimation because it does a simple topdown projection.

Implementation Details. For a fair comparison, we re-train our models using the settings
where the baselines were trained on: the map size is 51.2< × 51.2<, and the vehicle is located at
the center left. To have a fair comparison, for each frame we aggregate Cylinder 3D predictions
over the past 70 frames using the calibrated poses provided by SemanticKITTI and do a top-down
projection by picking the highest I point at each location. JS3C-Net is a 3D scene completion
algorithm. We use the model and the code provided by the authors. We take the 3D voxel prediction
of JS3C-Net and project it to 2D using top-down projection. The result of Han et al. [7] is reported
from the original paper since the output is already in 2D.

Results: The results are shown in Table A.8. When testing on full categories and using
top-down projection, JS3C-Net is slightly better than our method, speci�cally for classes within
the lethal obstacles group. Note that in our approach, the projection is learned from the data and
not hand-engineered as in top-down projection. We hypothesize for simple top-down projection, it
is more data-e�cient to code the projection method instead of learning it from the data. However,
in complex projection, our learning-based approach in the 4 category ontology signi�cantly
outperforms JS3C-Net.

Speedwise, JS3C-Net is signi�cantly slower than ours since it predicts a dense voxel grid. On a
51.2m x 51.2m map, JS3C-Net runs less than 2 fps whereas BEVNet-S runs at 12 fps on a 1080 Ti.
It will be hard to scale JS3C-Net to larger maps with recurrency (note that in our main results we
use 102.4m x 102.4m maps). In comparison, BEVNet maintains a latent 2D feature map for cost
reasoning, which is more memory-e�cient.

Cylinder 3D’s predictions are limited to the seen area of the map. It is surprising that our
method performs as well as the Cylinder 3D on the seen area while being able to inpaint the entire
map. Finally, we emphasize that our network is designed to perform multiple tasks simultaneously
(semantic segmentation, inpainting, complex projection, time aggregation). It is not surprising
that its performance does not exceed Cylinder-3D or JS3C-Net which perform a subset of these
tasks using a network with a similar capacity.

A.5 Ablation on Odometry Noise

We vary the odometry noise level by introducing a scalar _ such that the rotation noise is drawn
from N(0, (0.01_)2) and translation noise drawn from N(0, (0.1_)2). The results are presented in
Table A.9. BEVNet-R degrades gracefully as noise level increases. Please check out the project
website for qualitative videos on this.
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Method (#classes) Segmentation Inpainting Projection Temporal Aggregation seen unseen
Cylinder3D-TA (19) Yes No Top Down Yes 0.316 0.181
Han et al. (19) No Yes Top Down No - 0.131
JS3C-Net (19) Yes Yes Top Down No - 0.258

BEVNet-S (19) Yes Yes Top Down No 0.313 0.253
JS3C-Net (4) Yes Yes Complex No - 0.549
BEVNet-R (4) Yes Yes Complex Yes - 0.608

Table A.8: Comparing with various semantic segmentation and completion baselines on the
SemanticKITTI dataset. Note that the map here is smaller than our main results to accommodate
the baselines. We evaluate on two kinds of projection: top-down projection (only looking at the
highest point at each location), and complex projection (taking both the traversability of each
class and their heights into account).

_

0% 50% 100% 200% 500%
SemanticKITTI 0.480 0.474 0.468 0.458 0.431
RELLIS-3D 0.618 0.616 0.614 0.611 0.600

Table A.9: E�ect of odometry noise level on the mIoU. Note that BEVNet-R is trained at 100%
noise level.
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(a) Predicted traversability map for a large robot. (b) Predicted traversability map for a small robot.

Figure A.3: BEVNet can reason both the semantic and geometric properties of the terrain.

A.6 Robot-dependent Traversability

We show that BEVNet can predict traversability by reasoning both semantic and geometric
properties of terrains. We generate two groundtruth BEV costmap datasets from the RELLIS
dataset for this experiment.

• The �rst dataset maps bush to the medium-cost class regardless of the height of the bush.
This applies to a large o�road vehicle like the ClearPath Warthog.

• The second dataset maps bush to the lethal class if the bush is 0.5 m above the ground. This
applies to a small o�road vehicle like the ClearPath Husky.

We train BEVNet on each dataset separately. Figure A.3 shows the prediction results on the
RELLIS-3D validation set. BEVNet is able to predict robot-dependent traversability maps. In
Figure A.3b, some bushes are labeled as lethal since they are too high and are thus dangerous for
a small o�road vehicle.

A.7 Variations of Cylinder3D with temporal aggregation

For a more comprehensive comparison, we additionally compare our method against a more
traditional 3D SLAM-fusion based fusion implementation (denoted as Cylinder3D-TA-3D). The
3D baseline performs the following:
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Mask used for the seen area

Method Full Cy3d+TA TA-3D w/o ray tracing TA-3D w/ ray tracing
Cy3D + TA 0.465 0.655 0.613 0.618
Cy3D + TA-3D w/o ray tracing 0.482 0.636 0.660 0.660
Cy3D + TA-3D w/ ray tracing 0.471 0.629 0.646 0.677

BEVNet-R 0.535 0.625 0.613 0.615

Table A.10: Comparison of di�erent baseline variants across di�erent masks on the SemanticKITTI
dataset. Full refers to the whole map (seen + unseen).

1. We �rst perform semantic segmentation on the LiDAR scans with Cylinder3D to generate
segmented point clouds.

2. We aggregate the segmented point clouds in 3D using a voxel grid similar to how Octomap
[73] works using the poses that are calibrated by a standard SLAM algorithm.

3. When aggregating the point clouds, we optionally apply ray tracing to remove the trace of
moving objects as much as possible.

4. For the points falling into a voxel, we normalize the counts of their predicted labels into
a categorical distribution. This is how Bayesian statistics estimates the parameter of a
categorical distribution via a uniform Dirichlet prior. This produces a labeled voxel grid.

5. We project this labeled voxel grid down to 2D using the same rule as how we generate the
groundtruth BEV costmaps.

A.7.1 Nuances on comparing the methods on the seen areas.

Depending on how aggregation is performed, the seen areas vary slightly between Cylinder3D-TA,
Cylinder3D-TA-3D (w/o ray tracing) and Cylinder3D-TA-3D (with ray tracing) (Figure A.4). In
particular, when turning on ray tracing for Cylinder3D-TA-3D, some of the moving objects will
get cleared, but some ground voxels may also get cleared due to discretization errors (this happens
when a LiDAR ray hits the ground with a shallow incident angle). To make a fair comparison,
in Table A.10 and A.11 we report mIoUs of the methods on the three seen areas generated by
Cylinder3D-TA, Cylinder3D-TA-3D (w/o ray tracing) and Cylinder3D-TA-3D (with ray tracing).

A.7.2 Analysis

From the comparisons we observe the following:

• Compared to Cylinder3D+TA baseline that aggregates in the 2D BEV space, 3D aggregation
with raytracing exhibits considerable improvement in the seen area: +8 points in RELLIS
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(a) (b) (c)

Figure A.4: Comparing the seen areas of (a) Cylinder3D-TA, (b) Cylinder3D-TA-3D w/o raytracing
and (c) Cylinder3D-TA-3D with raytracing. The seen areas are slightly di�erent depending on how
aggregation is performed. For a fair comparison, we evaluate the performance of the baselines on
the three di�erent kinds of seen areas.

Mask used for the seen area

Method Full Cy3d+TA TA-3D w/o ray tracing TA-3D w/ ray tracing
Cy3D + TA 0.411 0.568 0.573 0.567
Cy3D + TA-3D w/o ray tracing 0.408 0.576 0.649 0.643
Cy3D + TA-3D w/ ray tracing 0.384 0.539 0.609 0.645

BEVNet-R 0.644 0.621 0.618 0.615

Table A.11: Comparison of di�erent baseline variants across di�erent masks on the RELLIS-3D
dataset. Full refers to the whole map (seen + unseen).
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(+5.9 points in SemanticKITTI) (see the last column of Table A.10 and A.11), respectively.
However, while 2D aggregation time in TA is negligible, 3D aggregation is the computational
bottleneck in the pipeline as it takes approx. 1 second to aggregate a single scan into octomap
and perform raytracing.

• When evaluating on the whole map, BEVNet outperforms Cylinder3D-TA-3D by more than
20 points in RELLIS (5 points in SemanticKITTI) because Cylinder3D-TA-3D does not predict
the future(see the �rst column of Table A.10 and A.11).

• When limiting the comparison to the seen area, Cylinder3D-TA-3D outperforms BEVNet-R
up to 3 points in RELLIS (6 points in SemanticKITTI) (see the last column of Table A.10 and
A.11).

In conclusion, there is a trade-o� between prediction area and accuracy. While combining
state-of-the-art semantic segmentation with SLAM-based fusion produces better results on the
seen area, it falls short of predicting a more complete map, is prone to odometry noise, and is
computationally expensive. Our network is optimized to perform multiple tasks simultaneously
(semantic segmentation, inpainting, complex projection, time aggregation) e�ciently in a single
forward pass.
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Appendix B

Visual Terrain Modeling for High-speed,

O�road Navigation

B.1 Computing Terrain Representation

This section provides more details about how we build the terrain representation.
Point cloud aggregation. Given the raw LiDAR packets and the vehicle’s ego motion, we

convert the LiDAR packets into LiDAR points with the rolling shutter e�ects corrected. Then,
we run Google Cartographer [69] on the LiDAR points (with IMU information) to compute the
gravity-aligned pose for each LiDAR scan. We aggregate the LiDAR scans using their poses to get
an aggregated point cloud.

Outlier removal. LiDAR may produce false returns due to the presence of dust, snow�akes,
and water. These false returns manifest as noise in the aggregated point cloud. We identify these
outliers in two ways:

1. Voxel �lter. We voxelize the point cloud with a voxel size of 0.3m. We count the number
of points in each voxel. If the number of points is smaller than a threshold (set to 5), we
remove all the points in this voxel.

2. Semantic �lter. When we label the LiDAR points, we ask the labelers to label the outliers as
an additional outlier class. Our LiDAR segmentation network is trained with the additional
outlier class. After we predict the pseudo labels for each point, we remove points classi�ed
as outliers.

B.2 Network Architecture

Backbone. Our image backbone follows that of Lift-Splat-Shoot[123]. There are two main
di�erences:

155



156 Chapter B. Visual Terrain Modeling for High-speed, Offroad Navigation

First 5 Conv
Blocks

Remaining
blocks

Figure B.1: The image backbone uses separate branches to process the RGB and depth inputs,
respectively. Then, the outputs of the two branches are summed and passed to the remaining
blocks in the backbone.

1. For RGB-D inputs, we duplicate the �rst �ve convolutional blocks to process the RGB and
depth images separately (Figure B.1). This has a noticeable improvement over passing a
4-channel RGB-D image directly to the backbone.

2. We do 8× downsampling of the feature map and depth map (the original paper performs
16× downsampling). This provides a good trade-o� between speed and accuracy. Note that
all the baselines are trained with the same image backbone with the same 8× downsampling
ratio.

Our input image size is 512 × 320. Hence, the image backbone produces a 472-channel feature
map with a spatial dimension of 64 × 40.

Depth completion network. The output of the image backbone is passed to a single convo-
lution layer with 472 input channels and � output channels with kernel size 3. � is the number of
desirable depth bins. For 50 m × 50 m maps, � = 128. For 100 m × 100 m maps, � = 256.

Terrain embedding network. For each back-projected point (G,~, I), we �rst apply an MLP
with layer sizes (1, 64, 32) to I to get the 32-dimensional elevation embedding 5elev. Then, we
concatenate 5elev with the 472-channel image feature 5sem and apply another MLP with layer sizes
(504, 96) to get the 96-dimensional terrain embedding 5 . ReLU is applied after each MLP layer.

Temporal aggregation layer. The temporal aggregation layer is a single ConvGRU layer
with 96 input channels, 96 output channels, and a kernel size of 1. To train TerrainNet-TA, we
�rst train the non-recurrent version, and then insert the recurrent layer. We freeze the weights of
the model except the recurrent layer.

Inpainting network. The inpainting net follows the architecture of Lift-Splat-Shoot’s BEV
encoder network. The main di�erence is that we create a separate decoding head consisting of an
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Figure B.2: Annotation tool. Labelers can select points in the point cloud and see their corre-
sponding image projections. Here we show a bush is highlighted both in the point cloud and in
the bo�om image. This helps the labelers to verify the semantic class of those points. Moreover,
labelers only annotate points that they are confident about. We leave points that are di�icult to
identify unlabeled.

upsampling layer and two convolution layers to predict a speci�c terrain layer.

B.3 Data Annotation

We create our data annotation tool (Figure B.2) to obtain ground truth semantically labeled point
clouds. We aggregate 30 to 50 LiDAR scans for each selected frame to get a dense point cloud
for labeling. We provide camera images for every LiDAR scan for reference so that a labeler can
cross-reference to verify that the labels are correct.

B.4 Additional dataset examples

Figure B.3 shows additional dataset examples to highlight the diversity of the datasets. We collected
our datasets from 3 distinctive geographic locations across the year.
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Ontology Dirt Dirt trail Grass Bush Canopy Tree Rock SkySnowSnow trail

Figure B.3: Additional dataset examples. These examples were collected at di�erent locations
and in di�erent seasons. For the real-world experiments, we finetuned the model with annotated
snow data (rightmost column).



B.4. Additional dataset examples 159

SimpleBEV LSS TerrainNet LSS TerrainNet Seg & Proj TerrainNet-TA

RGB RGB + Stereo DepthCameras Ground Truth

Ground
Semantics

Ceiling
Semantics

Min Ground
Elevation

Max Ground
Elevation

Ceiling
Elevation

Front

Back

Left

Right

SimpleBEV LSS TerrainNet LSS TerrainNet Seg & Proj TerrainNet-TA

Ground
Semantics

Ceiling
Semantics

Min Ground
Elevation

Max Ground
Elevation

Ceiling
Elevation

Front

Back

Left

Right

Ontology Dirt Dirt trail Grass Bush Canopy Tree Rock Sky

Figure B.4: Comparing the predictions of di�erent models. Top: on-trail run with rocks and
bushes on the two sides of the trail. Bo�om: o�-trail run with sca�ered rocks and bushes. These
are open terrains, so the ceiling semantics consists almost entirely of sky.
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Figure B.5: Visualizations of the predicted 3D terrain model from TerrainNet-TA. We only
show the min and max ground elevation here for clarity. Le�: uneven terrain with sca�ered grass,
bushes, and rocks. Right: a grass-covered valley with tall trees and low-hanging canopies.
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B.5 More qualitative results

Figure B.4 shows other example predictions of TerrainNet and other baselines on the validation
sets. Figure B.5 visualizes di�erent predicted 3D terrains of TerrainNet-TA on the validation sets.
For more details, including videos, please visit the website.
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Appendix C

Aim My Robot

C.1 Assets Creation

We converted individual glb �les into usd format. For each empty scene, we manually add
appropriate lighting such as ceiling lights. At run time, we use the metadata �le provided by
HSSD to load individual objects into the scene and transform them to the correct location. We use
the provided objects.csv to load the semantics for each object and set their semantic attributes
accordingly in Isaac Sim. Fig.C.1 compares the rendering quality of the same scenes in Habitat
and in Isaac Sim.

C.2 Data Generation

We simulate a RealSense D455 camera mounted at 1.5 m high above the �oor, with tilt joint
attached to the base. The data generation pipeline consists of three stages: (1) generate start and
goal con�gurations; (2) generate plans; (3) render observations. We detail each stage as follows.

C.2.1 Generate start and goal con�gurations

Sample reference images We divide a scene into rooms, and put 4 cameras in each room to
render the reference images. These cameras are placed at corners to cover di�erent viewpoints.
See Fig. C.2 as an example. Additionally, with a probability of 25%, we use the robot’s initial
observation as the reference image (First Frame is Reference (FFR) mode).

Sample robot start con�guration We randomly sample robot radius ' ∈ [0.1m − 0.5m] as
the robot’s embodiment. The robot is then randomly placed in an area that is traversable and not
in collision.
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Habitat Sim Isaac Sim

Figure C.1: Comparing the rendering quality of the same HSSD scene from Habitat Sim and Isaac
Sim.

Figure C.2: Placement of reference images. Each scene is divided into rooms (red boxes). For
each room, we render 4 observations from 4 camera viewpoints. An example camera placement is
shown in the top le� room.
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Sample target object The target object is randomly selected from the reference image. We
exclude non-object semantic classes such as walls and �oors. Then, we sample a goal speci�cation
C by randomly choosing a side ( ∈ {front, back, left, right}, distance 3 ∈ [0.1m, 0.5m] and angle
\ ∈ {0◦,±15◦,±30◦}. Finally, we place the robot at the goal pose and check for collisions.

C.2.2 Compute trajectory

Given the start and goal poses and the groundtruth �oorplan, we run AIT* planner from OMPL to
compute a trajectory. The planner uses ReedsShepp state space with a turning radius of 0 to model
a di�erential drive robot. The cost function encourages the front of the robot to look toward the
goal while penalizing excessive backward motion. Small backward motion is allowed if it is more
e�cient to reach the goal. If no plan is found, we discard the start-goal pair.

C.2.3 Render observations

For each feasible path, we render the camera observations along the path with a distance gap of
0.2 m or 5◦. The camera tilt angle is set such that the bottom of the target object appears at the
1/4 from the bottom of the image.

C.3 Additional Details on the Network Architecture

Transformer encoders and decoders. All the transformer encoders and decoders have 4
layers, 4 heads, 3model = 512, and 38<feedforward = 2048 with GeLU activation. The exception is the
vision context encoder F which has 8 layers and 8 heads.

MLP encoders: The laser encoder is a 2-layer MLP, each with 512 dimensions. The embodiment
and look-at pose encoders are single-layer MLP with 512 dimensions.

MLP predictors: The base and camera tilt decoders are single-layer MLP with 512 dimensions.

C.4 Additional Experimental Results

C.4.1 Scaling properties

To study how the diversity of the training environments a�ects the model’s generalization, we
train AMR on a subset of the scenes (12 and 27, respectively) for the same number of training
steps. Fig. C.3 compares the performance of the models in the unseen environments. All models
have comparable median errors, but there is a signi�cant boost in accuracy when increasing the
number of scenes from 12 to 27. However, we observe only slightly improved performance in
distance errors when increasing the number of environments from 27 to 49 scenes.
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Figure C.3: E�ects of number of training environments

C.5 Forklift Modeling

The forklift in our simulation experiment is based on the commercial forklift Crown SP3200. In this
section, we provide additional information about the kinematic model and the tracking controller.

C.5.1 Kinematic model of a forklift

Fig. C.4 illustrates the kinematic model of a forklift. A forklift is an Ackermann steering vehicle.
Its kinematics can be described by the following equations:

¤G = E cos\,

¤~ = E sin\,

¤\ =

E

!
tan b,

where G,~, \ denote the forklift’s position and heading in the world, E is the linear velocity, b is
the steering angle, and ! is the distance between the steering wheel and the center of the rear
axle. Note that the fork is located at the back of the vehicle.

C.5.2 Finetuning the model trained in HSSD + Isaac Sim

Since the forklift is big (more than 2 m long including the fork), it cannot �t into any of the scenes
in HSSD. Therefore, we generate additional training data in a simulated warehouse, with random
pallets placed on the �oor.

The trajectories are generated with the vehicle facing backwards, as we are commanding the
forks of the forklift to be in the forward direction of the vehicle. The turning radius of the planner
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Front

Back

Figure C.4: Le�: Kinematics of a forkli�. � is the axle center. ! is the wheel base, and b is
the steering angle. Note that the fork is at the back of the vehicle. Right: bo�om view of the
simulated forkli�.
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is set to match the turning radius of the forklift. We perform DAgger training to improve the
robot’s positioning accuracy when near a pallet.

C.5.3 Controlling a forklift

We use a Model Predictive Control (MPC) controller to track the predicted trajectory. Given the
current state B and a lookahead waypoint G,~, \ , we compute the optimal control E, b by

E∗, b∗ = argmin
E,b

� (5 (B, E, b), [G,~, \ ])

where 5 (·) is the dynamics model and � (·, ·) is a tuned cost function. New lookahead waypoints
and controls are computed at every time step until the robot reaches the goal.
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