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As increasing numbers of robots for helping humans are developed and

deployed, it is important to have effective interaction with humans and other

agents. Robots cooperating with humans are asked to be robust for safety and

often desired to be explainable. On top of the challenges that general robots

have, communication with humans needs the ability to understand the human

direction, conditioning robots’ behavior as well as their internal states or

observations. Additionally, training a model for robotics applications requires

costly environments for collecting data or active simulations to generate data

while recent approaches with large models collect the data from the web.

It makes the training process expensive, especially for the models with the
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capability of using language in specific contexts.

In this thesis, we propose various methods that produce interpretable

results using composable sub-models for interactions in robotics applications.

In the first part of the thesis, we propose models for interaction in driving.

We develop a model that enables humans to control a vehicle with language

instructions such as "turn left and then turn right.” The model consists of

two sub-models: a high-level policy to translate the language instruction

to a sequence of sub-tasks and a low-level policy to control the vehicle to

accomplish each sub-task. We also propose a model that predicts future

trajectories of agents on a four-way intersection where it tackles another

important form of interaction for autonomous vehicles. The first sub-model

predicts destinations and topologically invariant description of the order of

executions from reference trajectories. Given the abstract description of the

scene, the second sub-model predicts multiple future trajectories.

In the second part, we propose visual grounding models in 3D pointcloud

and RGBD images as essential tasks for robot navigation and human-robot in-

teraction. The task is to identify the referred object given language description

either from a reconstructed 3D scene or a pair of RGBD images. The model

for 3D visual grounding extends a large language model to a spatial-language

model for identifying the target object. The model for RGBD visual grounding

combines a pre-trained 2D visual grounding model and a 3D bounding-box

proposal model. They can leverage the high generalization performance of

large models, achieve comparable numbers to state-of-the-art methods, and

produce interpretable intermediate results.
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Chapter 1

Introduction

1.1 Challenges of robots with human

Despite the effort to bring robots outside of industrial environments, the
adoption of robots at home or office is not quite common and it is due to
plenty of challenges in building general-purpose robots.

Generalization is one important aspect of almost every robotics task. For
instance, in a problem of perception, the robot has to deal with new object
instances in various environments. Many vision tasks rely on static datasets
(Deng et al., 2009; Lin et al., 2014; Cordts et al., 2016; Geiger et al., 2012)
but models trained from one dataset consistently suffer from degenerated
performance on another dataset (Taori et al., 2020). Even if we ship a robot
with a near-perfect perception capability on specific datasets, it will often
fail in recognizing new objects in new environments. For instance, standard
(indoor) 3D detection tasks usually assume 10-30 classes for detection (Dai
et al., 2017; Song et al., 2015; Armeni et al., 2016). We cannot expect the model
trained from those datasets will perform well anywhere in the real world.
In addition, general robots might be asked to do some tasks that they have
never learned before. It has to learn to accomplish a new task from its learned
policies and it is a task of continual learning (Parisi et al., 2019). We still need
to learn how to deal with catastrophic forgetting when it comes to learning a
new task without keeping the training data from previous tasks (Kirkpatrick
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et al., 2017).

Besides dealing with distributional shifts in data and tasks, robots working
with humans need to deal with various interactions at different levels.

First, safety in human-robot interaction requires understanding and predic-
tion of human behavior. Robots cooperating with humans have to defensively
predict potential modes of human behavior. Evaluation of the cooperative
robot behavior must be different from that of the robot in a restricted and con-
trolled environment as well. Autonomous vehicles are popular examples that
need robustness in motion prediction. One of the challenges for autonomous
vehicles is to correctly predict the future trajectories of agents on the road in-
cluding other vehicles, pedestrians, cyclists, and so on. State estimation of the
agents is already challenging, but dealing with extremely diverse interactions
of the agents to safely respond in driving is a core technology for autonomous
vehicles. We can find similar examples such as navigating through crowds
easily. Additionally, communicating through behavior should be done on top
of understanding. Suppose an autonomous vehicle meets another car in front
of a narrow street. Either one of two vehicles should pass the street first and
it needs implicit communication by understanding or assuming intentions
among possible scenarios.

Second, robots should be capable of explicit communication. Robots
should be general enough to handle various forms of communication and
the form can vary depending on the task and the context. Suppose we are
asking a robot to find and bring a chair for us. If we are at home and the
robot already knows everything about the house, the most efficient way of
communication can be language, e.g. “bring me a chair.” However, if we are
in a completely new house, some people may prefer pointing to a location
on the map if it exists. For each type of communication, robots should be
able to handle multi-modal inputs. It has to understand the relationship
between observations and the conditional command from the human and
connect the intention of the command to planning and actions. For instance, a
language command “bring me a chair” implies a sequence of actions of finding
a chair, potentially the shortest one in terms of time, navigation to the chair
implicitly chosen, picking it up, and bringing it back to the human. It also
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assumes that the robot manages the map of the environment and remembers
the configuration of objects. In another example of pointing to a map, the
robot has to constantly build another map during exploration, localize itself in
the map, and consistently find correspondences between its internal map and
the given map from the human. Therefore, it should be able to take various
types of commands and connect those to both its internal states and policies.

In the thesis, we focus on tasks arising from various interactions both in
implicit and explicit forms.

1.2 What makes the interaction tasks difficult?

As the interaction is an additional task of conditioning on existing tasks or
combinations of tasks, it still has to deal with the aforementioned challenges
such as generalization.

On top of those challenges, one of the difficulties in interactive tasks is
the high cost of data collection. Recent advances in deep learning highly
rely on large datasets such as (Thomee et al., 2016; Changpinyo et al., 2021;
Foundation; Kuznetsova et al., 2020). CLIP (Radford et al., 2021) showed
that larger models trained with largely crawled pairs of text and image can
perform and generalize better than other models in vision and NLP various
tasks. Various large models (Ramesh et al., 2022; Alayrac et al., 2022; Saharia
et al., 2022) for text-image generation have shown realistic image generation
ability recently. Unified vision-language models (Wang et al., 2022a; Diao
et al., 2022; Wang et al., 2021) were able to solve multiple vision-language tasks
from a single, pre-trained model. Large datasets are usually collected from
the web or specific web services and refined as statics collection of data. Many
of them are already on the web as a free resource and collectors may focus on
consistently curating data and labeling.

On the contrary, many interactive tasks cannot simply leverage data on the
web but they need to generate data from environments. The data generated
from an environment are often dependent on the specific environment. Let
us consider a vision-language navigation (Anderson et al., 2018d) task as
an example. It was proposed to navigate in a virtual indoor environment
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by following language instructions. For data collection, they asked human
annotators to annotate language commands by navigating some predefined
paths from the virtual indoor environment. By looking at a sequence of
images from given paths, annotators may mention some objects and their
configuration (e.g. “chairs next to the black table”), spaces, or directions related
to objects or rooms (e.g. “go through the kitchen”), or actions directly (e.g.
“turn left”). All the language directions are tightly coupled with the specific
path and the environment and hard to augment annotations automatically.
In addition, directions can be dependent on the agent’s configuration in the
environment such as state space and action space. If the robot can only turn
by 90 degrees, people may refrain from using language instruction to turn 45
degrees or other behaviors that the robot cannot simply do. The dependency
on the specific configuration of the environment makes it hard to transfer the
data to another environment.

It also makes learning hard. In the example of vision-language navigation,
language instructions that are path-dependent can make the robot confused
when it deviates from the original trajectory. A slight deviation from the
training data distribution makes it hard to learn and it is hard to provide
augmented data which is common in vision tasks.

The data generation process is also expensive. Interactions involving
humans and the agent in the data generation loop can be time-consuming and
costly. For instance, collecting interactions of agents on the road costs many
drivers with fully-equipped vehicles. Interactive trajectories are time-sensitive
and scene-dependent as well. On the other hand, embodied AI tasks have been
proposed along with simulated environments for the generation of interactive
data (Anderson et al., 2018a; Shen et al., 2021; Shridhar et al., 2020a; Dei, 2020;
Kol, 2017). Assets for realistic environments, gathered by human design or
3D reconstruction, are also expensive and hard to scale up to the level of the
web-scale diversity. Adding human intervention to the tasks for interaction
further limits scalability.
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1.3 Dissertation Overview

This dissertation explores a few aspects of interactions in robotics applications.
Models proposed in various tasks do not share one common backbone or
architecture but they are all interpretable as they are producing interpretable
intermediate results from composable sub-models. We believe interpretability
from our models can provide analysis of the errors in the tasks and help develop
better models for general-purpose robots. It is of importance, especially
in interactive applications where safety is the top priority. The modular
architecture is also reducing the complexity of the task. It is useful when the
interaction happens within a long time horizon.

1.3.1 Part 1: interactions in driving

In the first part of the thesis, we develop models for interactions in driving.
Specifically, in Chapter 2, we propose a model to predict the trajectories of
agents in driving. We focus on a 4-way intersection without traffic lights to
study the extreme case of interaction between agents; implicit communication
between agents is encouraged without traffic lights and the complexity of
interaction becomes high when a multi-way road structure is provided. Instead
of directly predicting trajectories, we propose to predict the concise description
of interaction first. We call the description as mode which tells you which agent
crosses the road first and where its destination is. It provides a topologically
invariant scene description that is not sensitive to perturbations of trajectories.
Then, from the reference trajectories and the predicted modes, the future
trajectories are predicted. The model employ GraphNet (Battaglia et al., 2018)
for effective modeling of interactions of agents and VAE (Higgins et al., 2017)
for producing multiple candidates at inference. Two sub-models are in charge
of predicting modes and trajectories and each task becomes simpler than the
original task. Furthermore, modes are interpretable; it abstractly describes the
predicted scene interactions and it enables tracking down the source of error.

In Chapter 3, we deal with a different type of interaction in driving:
language grounding. Language provides an effective way to take high-level
control of an autonomous vehicle. For instance, “turn left and then right”
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will make the car take a left turn at the first intersection and a right turn at
the second. Given language instructions, the model produces a translated
sequence of sub-tasks as intermediate representations. Another module
within the model then controls the car to accomplish each sub-task until it
finishes the original task. Similar to the *modes* in the trajectory prediction
model, a predicted sequence of sub-tasks provides an interpretation of how the
model understands the instruction and generates a plan, reduces the overall
complexity of the task, and debugs the error. For instance, by comparing
sub-tasks to the instruction, we can track whether the high-level model or the
low-level model failed.

1.3.2 Part 2: language grounding in indoor navigation

In the second part of the thesis, we focus on exploring language grounding in
indoor navigation. Specifically, we study the visual grounding task in 3D for
robot navigation. Referring object plays an important role in various indoor
tasks since many tasks involve interaction with objects in the environment
and the key step is to find the object being referred to (Das et al., 2018a). For
interactive robotics applications, 3D visual grounding is an important task.
ReferIt3D (Achlioptas et al., 2020) proposed a benchmark of measuring ability
of identifying 3D object from grounding language and a reconstructed 3D
scene based on (Dai et al., 2017). The task can be challenging since the model
has to understand various language expressions that cannot be completely
covered by utterances in the training data. In comparison to the recent datasets
built for vision or language tasks, 3D datasets (Dai et al., 2017; Song et al.,
2015; Armeni et al., 2016) are small and as well as the size of the language
annotation on the 3d datasets (Achlioptas et al., 2020; Chen et al., 2020a).
Instead of training an end-to-end model from a small dataset, we again explore
compositions of sub-models which can connect models trained with web-scale
datasets to other models for the tasks of interest.

In Chapter 4, we propose a model to identify the mentioned object from the
language grounding given a reconstructed scene in 3D with object bounding
boxes. Our proposed model consists of two sub-models: an object classification
model and a spatial-language model for reference. First, the object classification
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model predicts a class label from pointcloud in each bounding box. It
decomposes the perception error from the overall task error. Then the
predicted class labels augmented with the spatial information and the language
description are passed to the large language model. It becomes a spatial-
language model for referred object identification; it does not only attend to
the words in class labels given language description, but it also leverages
spatial information from each object bounding box to specify the target object.
The modular architecture provides the benefits of interpretability, and lower
complexity as it does in part 1. By using a pre-trained language model as a
backbone, our model can handle vocabularies that were not in the training
data.

In Chapter 5, we propose a model for the visual grounding in RGBD images.
While visual grounding in fully reconstructed 3D scenes can be useful for
robots in known environment, it is not suitable for partially observed scenes or
newly visited, unknown environment. In addition, view-dependent utterances
for fully observed scenes may not occur in real-time robot navigation. They
often confuse the model in training since the original viewpoint information
is missing in the dataset. Visual grounding in RGBD images can resolve
the confusion and be more suitable for robot navigation. Therefore, we
propose a model for visual grounding in RGBD images. Similarly to the model
composition in Chapter 4, our model is composed of a 2D visual grounding
model and a 3D bounding-box estimation model. We employ the 2D visual
grounding model from (Wang et al., 2022a) and fine-tune the model with
dataset in (Liu et al., 2021a). It can leverage the generalization benefit of the
large model with huge datasets and does not get affected by quality of depth
sensors. Then we trained 3D bounding-box proposal model based on (Ma
et al., 2022); it takes a pointcloud cropped by the predicted 2D bounding-box
from the 2D visual grounding model and predicts a 3D bounding-box in
class-agnostic fashion. While we achieve higher accuracy than (Liu et al.,
2021a), out model can analyze the effect of each part on the error.

Finally, we discuss future directions of the research and summarize the
thesis in the last chapter.





Chapter 2

Multimodal Trajectory
Prediction via Topological
Invariance for Navigation at
Uncontrolled Intersections

2.1 Introduction

The widespread interest in autonomous driving technology in recent years
(Baltic et al., 2019) has motivated extensive research in multiagent navigation
in driving domains. One of the most challenging driving domains (US
Department of Transportation, Federal Highway Administration, 2018) is the
uncontrolled intersection, i.e., a street intersection that features no traffic signs
or signals. Within this domain, we focus on scenarios in which agents do not
communicate explicitly or implicitly through e.g., turn signals. This model
setup gives rise to challenging multi-vehicle encounters that mimic real-world
situations (arising due to human distraction, violation of traffic rules or special
emergencies) that result in fatal accidents (US Department of Transportation,
Federal Highway Administration, 2018). The frequency and severity of such
situations has motivated vivid research interest in uncontrolled intersections
(Isele et al., 2018; Mavrogiannis et al., 2020; Fridovich-Keil et al., 2020).
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In the absence of explicit traffic signs, signals, rules or explicit communica-
tion among agents, avoiding collisions at intersections relies on the ability of
agents to predict the dynamics of interaction amongst themselves. One preva-
lent way to model multiagent dynamics is via trajectory prediction. However,
multistep multiagent trajectory prediction is NP-hard (Cooper, 1990), whereas
the sample complexity of existing learning algorithms effectively prohibits
the extraction of practical models. Our key insight is that the geometric
structure of the intersection and the incentive of agents to move efficiently and
avoid collisions with each other (rationality) compress the space of possible
multiagent trajectories, effectively simplifying inference.

We explicitly account for this structure by collapsing the space of multiagent
trajectories at an intersection into a finite set of modes of joint behavior. We
represent modes using a notion of topological invariance (Berger, 2001): all
trajectories belonging to the same mode leave the same topological signature
(Fig. 2.2a depicts an example). Leveraging the flexibility and expressiveness
of Graph Neural Networks (Battaglia et al., 2018), we present a trajectory-
prediction architecture that biases inference towards high-likelihood modes.
We show that our architecture, entitled Multiple Topologies Prediction (MTP),
outperforms a state-of-the-art baseline (MFP (Tang and Salakhutdinov, 2019))
by 78.24% in terms of reconstruction accuracy on a dataset of challenging
intersection crossing tasks. Based on MTP, we design MTPnav, an optimization-
based planning framework (see Fig. 2.1) which achieves time-efficient, collision-
free navigation across a variety of challenging multiagent intersection-crossing
scenarios in the CARLA simulation environment (Dosovitskiy et al., 2017).

2.2 Related Work

In recent years, the end goal of autonomous driving has motivated extensive
research on prediction and planning for navigation in multiagent domains.
Considerable attention focuses on the task of multiagent trajectory prediction.
Earlier works in the area employed physics-based models (Ammoun and
Nashashibi, 2009), hidden Markov models (Firl et al., 2012), and dynamic
Bayesian networks (Gindele et al., 2015). With the advent of deep learning
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Figure 2.1: Overview of our decentralized navigation planner, MTPnav: The
ego-vehicle (shown in green) invokes MTP (Multiple Topologies Prediction),
our trajectory prediction mechanism, which determines 𝑀 modes of highly
likely future multiagent behavior, and reconstructs trajectory representatives
for them. These modes are then evaluated based on the quality of their
representatives incorporating considerations such as efficiency, clearance,
likelihood, and smoothness. The ego-trajectory from the best mode is then
passed to a controller which tracks the first waypoint.

and the availability of several public trajectory datasets (Chang et al., 2019;
Houston et al., 2020), many recent works are using Recurrent Neural Networks
(Gupta et al., 2018; Deo and Trivedi, 2018; Tang and Salakhutdinov, 2019)
and graph-based models (Li et al., 2019; Chandra et al., 2019; Li et al., 2020).
For instance, Deo and Trivedi (2018) use social pooling layers along with
maneuver-based trajectory generation by labeling trajectories with maneuvers,
which leads to multimodal predictions. Li et al. (2019) make use of graph-
convolutional networks combined with an LSTM-based encoder-decoder to
account for inter-vehicle interactions. A recent line of work employs models
for multimodal trajectory prediction in an effort to account for the uncertainty
in multiagent navigation (Schmerling et al., 2018; Mavrogiannis and Knepper,
2020; Tang and Salakhutdinov, 2019; Liang et al., 2019; Monti et al., 2020).
For example, Tang and Salakhutdinov (2019) propose the Multiple Futures
Prediction (MFP) method for multimodal multiagent trajectory predictions
by capturing different behaviors present in the data using discrete latent
variables in an unsupervised manner. Our work also embraces the virtues of
multimodality but differs by incorporating a mathematically sound, compact
and interpretable formalism for representing multimodality using concepts
from topology to drive the learning process.
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In parallel, relevant works on planning and control are focusing on in-
tegrating models of multiagent dynamics in the decision making. Some
works employ implicit models of interaction, such as risk level sets (Pierson
et al., 2018), deep reinforcement learning (Isele et al., 2018), or imitation
learning (Rhinehart et al., 2018). While such approaches may yield desirable
performance in interesting driving scenes, they abstract away the richness of
interaction that unfolds in driving domains, thus showing limited applicability,
and they are often further constrained by data dependencies. In an effort to
explicitly model interaction, some works model multiagent dynamics as games
by employing tools from game theory (Cleac’h et al., 2020; Fridovich-Keil
et al., 2020). While game-theoretic approaches elegantly capture the richness
of interactions in driving domains, the challenge of computing (Nash) equi-
libria and the intractability of scaling to large numbers of agents limits their
applicability. Other works have employed topological abstractions such as
braids (Mavrogiannis et al., 2020; Artin, 1947) to enable agents to reason over
multiagent collision-avoidance strategies. Topological braids capture critical
events in multiagent navigation, such as the order of passing maneuvers,
in a compact and interpretable fashion (Mavrogiannis and Knepper, 2019;
Mavrogiannis et al., 2017); however, their lack of analytic descriptions compli-
cates the construction of generalizable prediction models and so limits their
applicability. Instead of braids, our work leverages a notion of topological
invariance (Berger, 2001) with analytic descriptions that enable the use of
data-driven methods. This allows us to retain the benefits of topological
reasoning while achieving state-of-the-art performance in challenging and
realistic multiagent intersection-crossing tasks.

2.3 Problem Statement

Consider a four-way uncontrolled intersection (see Fig. 2.2a), where no explicit
rules (e.g., right-turn priority) or signals (e.g., traffic lights) are set in place
to regulate traffic. Assume that 1 < 𝑛 ≤ 4 non-communicating agents with
simple-car kinematics are navigating. Denote by 𝑥𝑖 ∈ X ⊆ 𝑆𝐸(2) the state of
agent 𝑖 ∈ N = {1, . . . , 𝑛} with respect to (wrt) a fixed reference frame. Agent 𝑖
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is tracking a path 𝜏𝑖 : 𝐼 → X , for which it holds that 𝜏𝑖(0) = 𝑠𝑖 and 𝜏𝑖(1) = 𝑑𝑖 ,
where 𝑠𝑖 , 𝑑𝑖 ∈ X are states lying at different sides of the intersection (i.e., right,
left, up, down) and 𝐼 = [0, 1] is a path parameterization. At timestep 𝑡 (assume
a fixed time discretization 𝑑𝑡), agent 𝑖 executes a policy 𝜋𝑖 : X → U𝑖 that
generates controls 𝑢𝑖 ∈ U𝑖 (speed and steering angle) contributing progress
along 𝜏𝑖 while avoiding collisions with 𝑗 ≠ 𝑖. Agent 𝑖 is not aware of the
intended path 𝜏𝑗 , the destination 𝑑 𝑗 , or the policy 𝜋 𝑗 of agent 𝑗 ≠ 𝑖 ∈ N .

Let agent #1 be the ego agent. The ego agent perfectly observes the current
system state 𝑋 𝑡 = (𝑥𝑡1 , . . . , 𝑥𝑡𝑛) ∈ X 𝑛 and has access to the complete system
state history X1:𝑡 = (𝑋1 , . . . , 𝑋 𝑡). Our goal is to design a policy 𝜋1 that enables
the ego agent to follow collision-free and time-efficient intersection crossings
despite the uncertainty resulting from the constraint of no communication.

2.4 Navigation with Multiple Topologies Prediction

We describe a policy 𝜋1 for decentralized navigation at uncontrolled inter-
sections. Our policy is based on a data-driven mechanism for multimodal
multiagent trajectory prediction. Our mechanism leverages a topological
formalism that effectively compresses the space of possible multiagent tra-
jectories into a set of modes of multiagent behavior. This allows us to guide
trajectory prediction towards high-likelihood modes. At planning time, our
policy evaluates a set of high-likelihood multiagent trajectory alternatives and
follows the ego trajectory from the one with minimum cost.

2.4.1 A Topological Formalism of Modes for Navigation at Intersec-
tions

Consider two agents navigating a four-way intersection. Denote by 𝑥𝑡12 = 𝑥𝑡1−𝑥
𝑡
2

a vector–referred henceforth as the winding vector– expressing the relative
location of agents and by 𝜃𝑡12 its angle with respect to a global frame at timestep
𝑡 ≥ 1 (see Fig. 2.2a). From time 𝑡 to 𝑡+1, agents’ displacement,Δ𝑥𝑡12 = 𝑥𝑡+1

12 −𝑥
𝑡
12,

results in a rotation Δ𝜃𝑡12 = 𝜃𝑡+1
12 − 𝜃𝑡12. Taking the sum of these rotations from

the beginning of the execution (𝑡 = 1) until the end (𝑡 = 𝑇), we derive a winding
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(a) Top view of agents’ tra-
jectories.

(b) Unit winding vector tra-
jectory.

(c) Winding number conver-
gence.

Figure 2.2: Identifying modes of intersection crossing: (a) top view of
agents’ trajectories, indicating the initial and terminal winding vectors; (b)
unit winding vector trajectory (darkness increases with time); and (c) winding
number convergence. Any execution of this scenario in which the orange
agent passes before the red agent converges to a negative winding number.

number (Berger, 2001) characterizing the total relative rotation of both agents:

𝜆12 =
1

2𝜋

𝑇−1∑
𝑡=1

Δ𝜃𝑡12. (2.1)

The value 𝜆12 tracks the signed number of times agents 1, 2 “revolved" around
each other from time 𝑡 = 1 to 𝑡 = 𝑇.

The winding number is a topological invariant: fixing agents’ endpoints
𝑠1, 𝑠2, 𝑑1, 𝑑2, any topology-preserving deformations of agents’ trajectories
(continuous trajectory deformations not involving penetrations or cuts) would
be identified using the same winding-number value 𝜆12. Importantly, the
sign of the winding number 𝑤12 = sgn(𝜆12) indicates the side on which the
two agents pass each other. A right-side passing corresponds to a clockwise
rotation of the winding vector 𝑥12, yielding a positive winding number 𝜆12 > 0;
a left-side passing corresponds to a counterclockwise rotation of the winding
vector 𝑥12, yielding a negative winding number 𝜆12 < 0. Fig. 2.2 illustrates the
machinery of the winding number at an intersection example with two agents.

Extending this idea to a scene with 𝑛 agents with endpoints 𝑆 = (𝑠1 , . . . , 𝑠𝑛)
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and 𝐷 = (𝑑1 , . . . , 𝑑𝑛), we define the topology of an intersection-crossing task as:

𝑊 =
(
. . . , 𝑤𝑖 𝑗 , . . .

)
, 𝑖 𝑗 ∈ N𝑒 , (2.2)

where N𝑒 is the set of all pairs formed among 𝑛 agents. Further, we define
a mode of intersection crossing as a tuple 𝑚 = (𝑆, 𝐷,𝑊). At an intersection-
crossing task, a mode encodes where agents are heading (destination 𝐷) and
how they are getting there (topology𝑊) from their initial state, 𝑆.

2.4.2 Multiple Topologies Prediction

Leveraging the formalism of modes, we build Multiple Topologies Prediction
(MTP), a multimodal trajectory prediction framework. MTP biases trajectory
inferences towards a set of high-likelihood modes. Given a recent state history
X𝑝 = X𝑡𝑝+1:𝑡 of ℎ𝑝 = 𝑡 − 𝑡𝑝 timesteps in the past, MTP: 1) determines a set
of highly likely modes of future multiagent behavior m̂ = {𝑚̂1 , · · · , 𝑚̂𝑀}; 2)
predicts a corresponding set of trajectory representatives X̂ = {X̂ 𝑓

1 , . . . , X̂
𝑓

𝑀
}

where X̂ 𝑓

𝑙
= X𝑡+1:𝑡 𝑓

𝑙
, 𝑙 = 1, . . . , 𝑀, and ℎ 𝑓 = 𝑡 𝑓 − 𝑡 is a horizon into the future.

We construct models for the two stages of prediction using a GraphNet
architecture (Battaglia et al., 2018). We first describe how to reconstruct a
trajectory for a desired mode 𝑚 and then describe a technique for generating
high-likelihood modes.

Mode-Conditioned Trajectory Reconstruction

Our model represents the world state at time 𝑡, 𝑋 𝑡 as a directed graph
𝑔𝑡 (see Fig. 2.3). The graph 𝑔𝑡 consists of a set of node attributes 𝑉 ={
v𝑡
𝑖

: 𝑖 ∈ N
}
, a set of edge attributes and corresponding node indices 𝐸 ={(

e𝑡
𝑘
, 𝑠𝑘 , 𝑟𝑘

)
: 𝑘 ∈ N𝑒 , 𝑠𝑘 , 𝑟𝑘 ∈ N

}
, and a global attribute u𝑡 . We set the position

and velocity of agent 𝑖 at time 𝑡 to be a node attribute, i.e., v𝑡
𝑖
=
(
𝑥𝑡
𝑖
,Δ𝑥𝑡

𝑖

)
, and

the relative position of the 𝑘-th pair of agents at time 𝑡 to be an edge attribute,
i.e., e𝑡

𝑘
= Δ𝑥𝑡𝑠𝑘 𝑟𝑘 . We initialize the global attribute with a zero vector since the

model does not have a dynamic global context. However, we leave the global
attribute for the model to have ability to keep aggregated information in the



38 CHAPTER 2. MULTIMODAL TRAJECTORY PREDICTION

Figure 2.3: Overview of model training. We train a mode prediction and a
trajectory reconstruction model, using the GraphNet (Battaglia et al., 2018)
framework. Encoding the system state as a graph, we supervise predicted
mode signals and reconstructed trajectories.

attribute.

Our model takes as input the world state 𝑔𝑡 and outputs a predicted
world state 𝑔̂𝑡+1. Computation takes place within a network of interconnected
blocks: an encoder block 𝐺en, a decoder block 𝐺de, and a recurrent block
𝐺re (see Fig. 2.4a), introduced to handle temporal data effectively. The block
𝐺en encodes the graph 𝑔𝑡 into a latent graph 𝑔𝑡

𝑙0. Then, the recurrent block
𝐺re modifies it into 𝑔𝑡

𝑙1 and passes it to 𝐺de, which returns an updated graph
𝑔̂𝑡+1 that represents the predicted state of the world in Cartesian coordinates.
Within each block, the following computations take place (we set 𝑔 = 𝑔𝑡 ,
𝑔′ = 𝑔𝑡+1, and assume 𝑖 ∈ N , 𝑘 ∈ N𝑒 for brevity):

e′𝑘 = e𝑘 + 𝜙𝑒
(
e𝑘 , v𝑠𝑘 , v𝑟𝑘 , u,w𝑘

)
ē′𝑖 = 𝜌𝑒→𝑣

(
𝐸′𝑖
)

𝐸′𝑖 =
{(

e′𝑘 , 𝑠𝑘 , 𝑟𝑘
)
, 𝑟𝑘 = 𝑖

}
v′𝑖 = v𝑖 + 𝜙𝑣

(
ē′𝑖 , v𝑖 , u, d𝑖

)
ē′ = 𝜌𝑒→𝑢 (𝐸′) 𝑉′ =

{
v′𝑖
}

u′ = u + 𝜙𝑢 (ē′, v̄′, u) v̄′ = 𝜌𝑣→𝑢 (𝑉′) 𝐸′ =
{(

e′𝑘 , 𝑠𝑘 , 𝑟𝑘
)}
,

(2.3)

where 𝜙 and 𝜌 are respectively update and aggregation functions, d𝑖 ∈
{0, 1}4 ,w𝑘 ∈ {0, 1}2 are one-hot encoded vectors of the destination of agent
𝑖 and of the sign of the winding number of edge 𝑘 respectively. We model
update functions 𝜙𝑒 , 𝜙𝑣 , 𝜙𝑢 using fully connected layers with ReLU and layer
normalization and aggregation functions 𝜌𝑒→𝑣 , 𝜌𝑒→𝑢 , 𝜌𝑣→𝑢 as means over
the updates of their corresponding sets. In the recurrent block, 𝐺re, we use a
single-layer GRU (Gated Recurrent Unit) (Cho et al., 2014) to efficiently infer
the sequence of vehicle positions.
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(a) Trajectory reconstruction
model. (b) Mode prediction model.

Figure 2.4: Internal topology of trajectory reconstruction (a) and mode
prediction (b) models. At time 𝑡, the trajectory reconstruction model takes as
input the graph 𝑔𝑡 , a hidden graph 𝑔𝑡

ℎ
, and a mode 𝑚 and generates an output

graph 𝑔̂𝑡+1. This procedure is repeated up to timestep 𝑡 𝑓 , yielding a trajectory
in the form of a sequence of graphs ĝ 𝑓 = 𝑔̂𝑡+1:𝑡 𝑓 . The mode prediction model
takes as input the graph 𝑔𝑡 and a hidden graph 𝑔𝑡

ℎ
and produces a probability

distribution over a latent variable z𝑡 . A sample is drawn from the distribution
and transformed into a predicted mode 𝑚̂𝑡 . Variables in green shades indicate
input from the ground-truth in training, variables in yellow shades are the
outputs, and grey variables are discarded. At inference, graphs up to current
timestep 𝑡, 𝑔𝑡𝑝 :𝑡 , are fed to the mode-prediction model to estimate modes,
{𝑚̂1:𝑀}. Given estimated modes and the graphs, the trajectory-reconstruction
model predicts future trajectories.
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Sampling High-Likelihood Modes

The trajectory reconstruction model takes a mode 𝑚 as input. The number of
modes is exponential in the number of agents, and not all modes are equally
likely. To address this issue, we sample high-likelihood modes by adapting
our reconstruction architecture (see Fig. 2.4a) into a mode prediction model
(see Fig. 2.4b). The model fits a Gaussian distribution over a latent variable
z𝑡 ∼ N

(
𝜇𝑡 , 𝜎𝑡

)
. This variable is transformed into a mode via fully connected

layers, i.e., 𝑚̂𝑡 = 𝐹𝑐𝑛(z𝑡). This process resembles a variational auto-encoder
(Kingma and Welling, 2014); however, our model is supervised to generate
conditional signals (modes) instead of reconstructing original input signals
(configurations).

Following High-Quality Modes

Based on MTP, we build MTPnav, a cost-based planner (see Fig. 2.1). At
planning time 𝑡, MTPnav invokes MTP, which returns a set of 𝑀 high-
likelihood trajectory predictions X , corresponding to high-likelihood modes
m of multiagent behavior. These predictions are then evaluated with respect
to a trajectory cost 𝐽 : X 𝑛 → R:

𝐽(X) = 𝑤𝑠𝑚 𝐽𝑠𝑚(X) + 𝑤𝑟𝑒 𝑓 𝐽𝑟𝑒 𝑓 (X) + 𝑤𝑐𝑜𝑙 𝐽𝑐𝑜𝑙(X) + 𝑤𝑝 𝐽𝑝(X), (2.4)

where 𝐽𝑠𝑚 penalizes non-smooth trajectories, 𝐽𝑟𝑒 𝑓 penalizes deviations from
the ego-vehicle reference trajectory, 𝐽𝑐𝑜𝑙 penalizes collisions, 𝐽𝑝 penalizes low-
likelihood trajectories, and𝑤𝑠𝑚 ,𝑤𝑟𝑒 𝑓 ,𝑤𝑐𝑜𝑙 ,𝑤𝑝 are corresponding weights (refer
to Appendix, Sec. A.1 for detailed formulation). The trajectory of minimum
cost X∗ is selected and passed to a tracking controller, which returns a control
input 𝑢∗ for the agent to execute.

2.5 Evaluation

We evaluate the performance of the proposed framework in two ways. First, we
verify the ability of MTP to produce high-quality, mode-conditioned trajectory
reconstruction. Next, we illustrate the value of MTPnav for tasks involving
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Scenario Two Agents Three Agents Four Agents

Metric minADE (m)↓ minFDE (m)↓ minADE (m)↓ minFDE (m)↓ minADE (m)↓ minFDE (m)↓
MTP 0.301 ± 0.346 0.611 ± 0.893 0.304 ± 0.459 0.717 ± 1.366 0.264 ± 0.410 0.588 ± 1.067
MTP-fc 0.523 ± 0.440 1.063 ± 1.020 0.456 ± 0.612 1.024 ± 1.743 0.334 ± 0.342 0.704 ± 0.996
GRU 0.929 ± 0.566 1.578 ± 1.159 1.176 ± 0.727 2.119 ± 1.870 0.958 ± 0.551 1.760 ± 1.408
MFP 0.834 ± 0.969 0.825 ± 1.318 1.603 ± 0.981 1.504 ± 1.857 1.556 ± 0.707 1.444 ± 1.758

Table 2.1: Prediction accuracy (mean, standard deviation) measured as
minADE and minFDE (average and final displacement error) for models trained
on datasets with two, three, and four agents. MTP performs significantly
better than other models (Wilcoxon signed-rank test, 𝑝 < 0.001).

navigation at uncontrolled intersections through a simulated case study on a
series of challenging intersection-crossing scenarios.

2.5.1 Datasets

Existing open datasets (Chang et al., 2019; Houston et al., 2020) do not
contain organized and sufficient amounts of interactions at uncontrolled
intersections. For this reason, we generated a series of simulated datasets
of challenging intersection crossings. Our data-generation pipeline consists
of: (1) extracting realistic path references 𝜏𝑖 , 𝑖 ∈ N following non-holonomic
car kinematics using CARLA (Dosovitskiy et al., 2017), and (2) executing
these references under a variety of different behaviors and scenarios using a
custom, computationally efficient, purely kinematic simulator. Our simulator
controls vehicles in a centralized fashion using a priority system that provides
acceleration/deceleration signals based on a time-to-collision heuristic and
according to a set of parameters representing agents’ behavioral models
(desired speed, acceleration, deceleration, etc.). The vehicles track their paths
using PID-based steering and speed controllers. This pipeline lets us combine
the realism of CARLA with the ability to generate data efficiently and control
scenarios and agent behaviors. This strategy also provides the ability to
deploy our models directly to CARLA without re-training or fine-tuning
to evaluate navigation performance (Sec. 2.5.3). Overall, we generate three
diverse datasets of the form D𝑛 = {X𝑛

1 , . . . ,X
𝑛
|D𝑛 |}, containing |D2 | = 116𝑘,

|D3 | = 1, 180𝑀, and |D4 | = 466𝑘 multiagent trajectories involving 𝑛 = 2, 3, 4
agents, respectively, by methodically varying: (1) agents’ destinations 𝐷
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(spanning the set of combinations), (b) their target speeds (3 − 12m/s), and (c)
their acceleration/deceleration (1 − 5m/s2).

2.5.2 Model Training

We train different trajectory-reconstruction and mode-prediction models on
each of the datasets D2, D3, D4, following 9:1 train/test splits. We partition the
datasets into a set of subtrajectories with a length of𝐻 = ℎ𝑝+ ℎ 𝑓 where ℎ𝑝 = 15,
and ℎ 𝑓 = 25. We transform each subtrajectory into a sequence of graphs g ={
𝑔1 , · · · , 𝑔𝐻

}
and split it into g𝑝 =

{
𝑔1 , · · · , 𝑔ℎ𝑝

}
and g 𝑓 =

{
𝑔ℎ𝑝+1 , · · · , 𝑔𝐻

}
.

We also compute a corresponding mode signal𝑚 for each sequence g. Then we
train the trajectory reconstruction model with student-forcing, providing the
ground-truth mode signal 𝑚 and a sequence of history graphs g𝑝 to produce
ĝ 𝑓 . The mode prediction model is trained with the full ground-truth sequence
g and generates a mode prediction 𝑚̂. Fig. 2.3 depicts an overview of the
training process. We use a mean squared error (MSE) loss for training the
trajectory reconstruction model. For training the mode prediction model,
we use a loss similar to the one used by 𝛽-VAE (Higgins et al., 2017) (setting
𝛽 = 8), featuring a cross-entropy component for reconstructing the mode
signal given the latent variable and a KL-divergence component keeping the
latent distribution close to a Gaussian. Note that at inference time, we only
take the predicted mode signal 𝑚̂ℎ𝑝 from the mode-prediction model and feed
it to the trajectory-reconstruction model to collect ĝ 𝑓 . See Sec. A.2.2 for mode
details on the training process.

2.5.3 Navigation Performance

We further evaluate the quality of the MTP predictions through a simulated
case study on a decentralized navigation task at a four-way uncontrolled
intersection of size 60×60 m on CARLA (Dosovitskiy et al., 2017). We consider
three different intersection-crossing scenarios involving 𝑛 = 2, 3, 4 agents,
specifically selected to elicit challenging vehicle interactions, as shown in
Fig. 2.5. During execution, the ego agent (agent #1, the bottom agent in
Fig. 2.5) is running our framework (MTPnav), while other agents are running
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the CARLA (Dosovitskiy et al., 2017) Autopilot controller.1 We consider two
different conditions: Easy and Hard. Easy consists of Cautious and/or Aggressive
agents with target speeds sampled uniformly from [10, 25] and [30, 45] (𝑘𝑚/ℎ),
respectively. Hard consists of Aggressive and/or Normal agents with target
speeds sampled from [30, 45] and [20, 40] (𝑘𝑚/ℎ), respectively, where Cautious,
Normal and Aggressive are behavioral agents provided by CARLA. Uniformly
sampling from these ranges, we construct 50 random experiments per scenario
and condition.

We compare the performance of MTPnav to two baselines: the Autopilot
(homogeneous case, serving as a reference for the difficulty of the task) and
a purely reactive Model Predictive Controller (MPC) that treats other agents
as obstacles. We employ using two metrics: (1) collision frequency C(%) and
(2) the time the ego-agent took to reach its destination T (𝑠). If the ego-agent
collides, we mark the trial as in-collision and assign it a time penalty of 30𝑠
corresponding to the time-to-destination for a Cautious agent with constant
speed of 10𝑘𝑚/ℎ. Trials that did not terminate by the 30𝑠 mark are also
marked as in-collision.

Table 2.2 shows the performance of MTPnav. We observe that MTPnav
outperforms the baselines across all scenarios and interaction settings in terms
of both time and collision frequency. In particular, its collision frequency is
close to zero for scenarios with two and three agents, and significantly lower
in scenarios involving four agents. We also see that it is significantly more
time efficient, especially in the Hard scenarios. Overall, we attribute MTPnav’s
performance to its ability to exploit the domain structure: MTPnav agents are
capable of rapidly adapting to the dynamic environment by foreseeing the
multiagent interaction dynamics. We see a significant increase in collisions for
scenarios involving four agents. This could be attributed to the steep increase
in domain complexity (for reference, the number of possible modes is 162) but
also possibly to the relatively small four-agent dataset that we employed.

1Autopilot is a widely available baseline that is part of the CARLA simulator (Dosovitskiy
et al., 2017).



44 CHAPTER 2. MULTIMODAL TRAJECTORY PREDICTION

(a) Two-agent scenario. (b) Three-agent scenario. (c) Four-agent scenario.

Figure 2.5: Navigation scenarios considered in our evaluation on CARLA.

Scenario Two Agents Three Agents Four Agents

Interaction Easy Hard Easy Hard Easy Hard

Autopilot T (𝑠) 23.37 ± 6.01 26.00 ± 7.52 23.01 ± 5.78 28.69 ± 3.96 22.16 ± 7.56 28.41 ± 4.31
C(%) 28.00 ± 6.35 78.00 ± 5.86 30.00 ± 6.48 86.00 ± 4.91 40.00 ± 6.93 88.00 ± 4.60

MPC T (𝑠) 22.37 ± 6.26 26.98 ± 6.43 21.34 ± 6.26 27.78 ± 5.54 21.28 ± 7.98 28.25 ± 4.74
C(%) 30.00 ± 6.48 82.0 ± 5.43 28.00 ± 6.35 86.00 ± 4.91 40.0 ± 6.93 88.0 ± 4.60

MTPnav T (𝑠) 19.13 ± 3.78 14.81 ± 1.56 20.85 ± 3.71 18.70 ± 0.61 19.34 ± 8.03 21.36 ± 5.91
C(%) 2.00 ± 1.98 0 2.00 ± 1.98 0 28.00 ± 6.35 30.00 ± 6.48

Table 2.2: Navigation performance measured with respect to collision fre-
quency (C) and time to destination for ego-agent (T ). Each entry contains a
mean and a standard deviation over 50 trials. red, green and blue entries indi-
cate scenarios in which MTPnav outperformed other methods at significance
levels 𝑝 < 0.001, 𝑝 < 0.01, 𝑝 < 0.05 respectively (Wilcoxon signed-rank test).
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2.6 Discussion

We introduced a prediction model (MTP) and a planner (MTPnav) for naviga-
tion at uncontrolled intersections, leveraging a mathematical insight about
the topological structure of intersection crossings. MTP, trained on datasets
acquired using a custom-built, lightweight simulator, outperformed a state-
of-the-art, trajectory-prediction baseline (Tang and Salakhutdinov, 2019) and
enabled MTPnav to exhibit safe and time-efficient behavior across a series
of challenging intersection-crossing tasks (without additional fine-tuning or
retraining) that were conducted using the high-fidelity simulation engine
CARLA. Our findings illustrate the value of reasoning about topological
modes as a strategy to guide prediction towards a small representative set
of outcomes. Ongoing work involves real-world experiments on a miniature
racecar (Srinivasa et al., 2019) to highlight the virtues of our approach for
real-world applications.

Our work is not without limitations. Our data generation and evaluation
pipelines are constrained by our behavior parametrizations and the mechanics
of our simulators. Further, our evaluation experiments are limited by the
computational load of running expensive CARLA experiments. Future work
will focus on leveraging our empirical insights towards expanding our sim-
ulator to capture richer spaces of behaviors for data generation and testing.
Finally, the MTPnav framework is proposed as an example, non-optimized
incorporation of MTP on a cost-based planner; alternative use cases could
apply reinforcement learning or model predictive control frameworks.





Chapter 3

Conditional Driving from
Natural Language Instructions

3.1 Introduction

“take your left here and then it will be a right turn ahead”

LanefollowRight

LeftLanefollow

Figure 3.1: Natural language control of self-driving vehicles. The user provides
a high-level instruction; the vehicle must then (a) translate natural language
into the correct sequence of high-level sub-tasks and (b) correctly execute
these, by steering and applying the throttle as appropriate.

Passengers of self-driving cars will expect to interact with their vehicles
in the same way as they do with human ride-share drivers. This includes
providing specific directions to the precise drop-off locations, preferences
about the chosen route, or clarifications in case of ambiguities. Furthermore,
a car equipped with a skill to interpret natural-language, able to rely on the
help of its user, will be more robust to navigation errors resulting from poor

47
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map coverage and inaccurate information about dynamic road conditions.

As shown in Fig. 3.1, our goal is to learn to understand language instruc-
tions, such as “you are going to go a little bit further for one block and make a
left at the intersection,” and use them to condition a policy that will drive a
car safely using only image observations. The problem of end-to-end policy
learning for self-driving cars is often formulated as imitation learning (Bojarski
et al., 2016; Xu et al., 2017; Codevilla et al., 2018; Müller et al., 2018). We
take a hierarchical approach. We use conditional imitation learning to learn
policies for steering and throttle control, as in prior work (Codevilla et al., 2018;
Müller et al., 2018). However, we also learn a high-level policy, which predicts
high-level actions based on language instructions. This leads to a solution able
to translate language into actions executed over long time horizons, including
navigating multiple streets and turns before reaching the destination.

At the same time, we need to ensure that safety is not compromised, even
in presence of incorrect and misleading instructions. A self-driving car will
be used by non-experts, who might instruct the car to execute maneuvers that
are not safe given the state of the world (e.g. to turn left when no left turn is
possible). This is a known problem in language-to-control (Paxton et al., 2019).
Moreover, artificial systems often struggle with understanding the intricacies
of realistic human language, in particular for such a dynamic task as driving.
We provide two pathways to mitigate the harm this can cause: first, our policy
is designed to ensure that only safe actions are taken, even when invalid input
is given by the passenger. Second, the agent will complete maneuvers, such
as driving through an intersection, even if new instructions from the user
interrupt the current high-level plan.

We validate our proposed approach using CARLA (Dosovitskiy et al.,
2017), an open-source driving simulator. We perform a set of quantitative
transfer experiments, showing that our hierarchical models navigate correctly
and safely, and can generalize between different environments. Furthermore,
we perform a series of ablation tests to study the properties of our model.
Finally, we design an interactive experiment, with users instructing the car in
real-time with randomly timed and misleading instructions.

To summarize, our core contributions are: (1) an end-to-end policy control-
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Figure 3.2: The proposed model for language-grounded driving. The model
takes an image from the dashboard-mounted camera and a natural language
instruction and generates steering and throttle values for control. Gray and red
arrows represent flows of tensors and control switching signals, respectively.

ling a self-driving car from language and images; (2) a hierarchical architecture
reasoning about both short and long time horizons as well as both high-level
inputs and low-level continuous states and actions; (3) an implementation of
interactive language-grounded driving robust to misleading user instructions.

3.2 Related Work

Our approach is closely related to work on Visual Question Answering (VQA),
a growing area of research in which an agent is trained to move about in a
home environment and find the answers to specific questions (Das et al., 2018b;
Chung* et al., 2016; Ma et al., 2019b; Ke et al., 2019b; Shah et al., 2018; Anderson
et al., 2018d). In particular Das et al. (2018b) proposed Neural Modular Control
(NMC), which used a multi-level model to predict a “program” of actions that
need to be taken. While closely related, our method uses continuous state and
action spaces with a realistic car model, while the vision-language navigation
problem is mainly focused on dealing with complicated language expressions
with relatively limited discrete state and action spaces.

Other recent work has explored learning driving policies from images.
Liang et al. (2018) use a mixture of imitation learning and reinforcement
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learning via DDPG (Lillicrap et al., 2015). Codevilla et al. (2018) proposed
a system for conditional end-to-end driving. Müller et al. (2018) extends
this work, adding a segmentation model which improves generalization
performance, but largely keeping the same structure from Codevilla et al.
(2018). Paxton et al. (2017) also learn hierarchical policies for driving through
intersections, but focus on interacting with other vehicles and do not use
images.

Some work has also looked at learning representations based on images and
language, but not for driving. Chaplot et al. (2018) proposed a Gated Attention
model for learning navigation policies based on images and language, an
approach we borrow for our high-level model. Paxton et al. (2019) learned to
generate task plans and execute pick-and-place tasks. Blukis et al. (2018) learn
a semantic map for navigation and demonstrate on a simulated quadrotor,
which can be used to follow natural language instructions.

While we provide a manual decomposition of the task when training
models as seen in some previous work (Paxton et al., 2019; Das et al., 2018b),
some prior work weakens these assumptions. Shiarlis et al. (2018) propose
TACO, which learns to break tasks up based only on a policy sketch. Krishnan
et al. (2017) also propose a method for discovery of continuous actions from
demonstrations, which could be applied to our problem in the future. Andreas
et al. (2017) uses policy sketches together with curriculum reinforcement
learning.

3.3 Hierarchical Language-Grounded Driving Model

The goal of our agent is to drive safely, following given language directions
and a stream of images from a single camera. Driving requires a very long
time horizon, with high-frequency controls but low-frequency decisions. This
makes it difficult to directly apply a sequence-to-sequence approach to the
problem. Instead, we introduce a hierarchical driving model where a high-level
policy 𝜋ℎ chooses a series of sub-tasks {𝜏0 , . . . , 𝜏𝑁−1} to achieve a specified
task, and low-level policies 𝜋𝜏𝑖 generate the controls necessary to achieve
each sub-task 𝜏𝑖 in sequence. This decomposes the problem into tractable
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sub-problems and enables efficient use of short data sequences for training
complex, language-conditioned control policies. This approach is similar to
that taken in the vision-language navigation problem (Das et al., 2018b), but
with increased complexity of low-level controls.

Algorithm 1 shows the pseudo code for execution of our language-
grounded driving model. Figure 3.2 shows the architecture of our model.
Consider the world 𝑊 : S × A → S with a continuous state observation
𝑠 ∈ S and a continuous action 𝑎 = ⟨𝜙, 𝜃⟩ ∈ A , where 𝜙 ∈ [0, 1] is the
normalized throttle control and 𝜃 ∈ [−1, 1] is the normalized steering angle
for the vehicle. We assume that our state observation 𝑠𝑡 consists of an image
from a dashboard-mounted camera at time 𝑡. Then the directions for the
language-grounded driving are specified by a natural-language input 𝑙 ∈ L ,
such as “take the next right” or “go straight through this intersection, then turn
left.” Finally, our problem is defined by learning a policy 𝜋 : S ×L → A .

We break up the original problem into a two-level hierarchy by in-
troducing a sub-task 𝜏 ∈ T where the set of possible sub-tasks T =

{left, right, straight, lanefollow}. The sub-task straight repre-
sents the case of going straight through an intersection while lanefollow
corresponds to a policy ensuring safe lane following outside intersections. We
extend T to include a finish token, indicating the end of the entire task:
T̂ = T ∪ {finish}.

With the hierarchical model, our problem is to learn a high level policy
𝜋ℎ : S ×L → T̂ , and a corresponding low-level policy 𝜋𝜏 : S × T → A .
Also, our model detects when the sub-task is achieved. This determines
whether the high or the low-level policy takes control. We define the end-of-
sub-task signal as 𝑒𝑡(𝜏𝑖) ∈ E = {True, False} which is an indicator that the
current sub-task 𝜏𝑖 is finished and the high-level policy should regain control
to generate the next sub-task. Therefore, the revised low-level policy can be
expressed as 𝜋𝜏 : S ×T → A × E .

3.3.1 High-level policy

The high-level policy consists of an encoder, the Gated Attention (GA)
unit (Chaplot et al., 2018), and a recurrent unit. First, we generate a list
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of 50-dimensional GloVe (Pennington et al., 2014) embedding vectors from
words in the language instruction. Then the embedding vectors are fed to a
single-layer GRU (Chung et al., 2014) and the attention mechanism introduced
in (Luong et al., 2015) combines hidden states from the GRU to generate a
single instruction feature vector. The image is fed to a series of convolution
and ELU (Clevert et al., 2015) layers to generate an image feature vector.

Then the GA takes the instruction and image feature vectors and generates
an integrated feature vector. The GA computes attention weights from the
instruction to focus on the essential part of the image feature vector. Finally,
the integrated feature vector is concatenated with another feature vector from
the previous sub-task vector and fed into another single-layer GRU and a
fully connected layer. We use a softmax function to generate 5-dimensional
sub-task probability distribution for T̂ .

3.3.2 Low-level policy

Once the sub-task 𝜏𝑖 is determined, the low-level policy takes control from the
high-level policy and generates actions required to achieve the sub-task. First,
it converts the input image to an image feature vector by applying a series of
convolutional and ELU layers. Then, sub-task probabilities determined by
the high-level policy are used to select one of a few sub-task-specific GRU
layers. The activated GRU layer combined with an FC layer generates the final
2-dimensional control vector 𝑎𝑡 and the end-of-sub-task signal 𝑒𝑡(𝜏𝑖).

The low-level policy remains in control until the end of the sub-task
indicated by the 𝑒𝑡(𝜏𝑖) value. In order to make this transition robust to noisy
predictions, we require that at least two out of the three recent predictions
of 𝑒𝑡(𝜏𝑖) indicate the end of sub-task. In our implementation, we rely on two
different low-level policies for predicting 𝑎𝑡 and 𝑒𝑡(𝜏𝑖).

3.4 Training and Environment

We used CARLA (Dosovitskiy et al., 2017) to generate data for training and run
experiments. CARLA provides road annotations and an auto-pilot function.
We relied on the auto-pilot during training.
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Algorithm 1: Hierarchical policies for language-grounded conditional
driving.

Input: Initial state 𝑠0 ∈ S
Input: Language direction 𝑙 ∈ L
Input: World𝑊 : S ×A → S
Input: High-level policy 𝜋ℎ : S ×L → T̂
Input: Low-level policies 𝜋𝜏 : S ×T → A × E

1 𝑖 , 𝑡 ← 0, 0
2 𝜏0 ← 𝜋ℎ(𝑠0 , 𝑙)
3 𝑒0(𝜏0) ← False
4 while 𝜏𝑖 ≠ finish do
5 while 𝑒𝑡(𝜏𝑖) == False do
6 𝑎𝑡 , 𝑒𝑡(𝜏𝑖) ← 𝜋𝜏𝑖 (𝑠𝑡)
7 𝑠𝑡+1 ←𝑊(𝑠𝑡 , 𝑎𝑡)
8 𝑡 ← 𝑡 + 1
9 𝑖 ← 𝑖 + 1

10 𝜏𝑖 ← 𝜋ℎ(𝑠𝑡 , 𝑙)

In the environments provided in CARLA, all the roads are annotated
and an auto-pilot function is implemented. First, we deployed a roaming
agent, which randomly decided a direction at each intersection, and recorded
observations from the agent at 10 Hz. We use two towns provided by the
simulator, Town1 and Town2, as in previous work (Codevilla et al., 2018;
Müller et al., 2018). Second, we partitioned the trajectory into a set of trajectory
snippets corresponding to different sub-tasks. State observation, action,
sub-task and end-of-sub-task values, ⟨𝑠𝑡 , 𝑎𝑡 , 𝜏𝑡 , 𝑒𝑡⟩, were generated for the
snippets. Finally, we combined language data gathered from human users

(a) rgb (b) ps (c) gs

Figure 3.3: Examples of input dashboard images used in experiments: we
compare performance on raw color images (rgb) with images trained on
predicted (ps) or ground-truth segmentation (gs) from CARLA (Dosovitskiy
et al., 2017).
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single double ordinal

turn left turn left at first and then right you re going to take your second
left up here

make a left turn take a left here and then you re
going to take a another right turn

you re going to go a little bit fur-
ther for one block and make a left
at the intersection

left take your left here and then it will
be a right turn ahead

take the second left

Table 3.1: Examples of generated sentences for left turns based on data gath-
ered from realistic interactions. Examples are grouped into three categories,
depending on time horizon and complexity of the instruction.

with the information about the snippets to generate realistic natural language
instructions corresponding to our environment. In following subsections, we
give details of the environment, data generation, and training.

3.4.1 Language generation

We collected language data by designing a two-player driving game with
human subjects. In the game, one player was tasked with navigating the
vehicle to a goal without any knowledge about the map of the world. The
second player was tasked with instructing the first player about directions to
goal using only natural languages. From this data, we designed templates to
generate language instructions for training the high-level policy that matched
our test environments. For more detailed procedure of the language generation,
please see Appendix B.1.

We generated instructions of varying complexity that would be typical
for interactions between a human and an autonomous vehicle. We grouped
them into three categories: single, double, ordinal(see Table 3.1 for
examples). The first category (single) contains instructions that tell the
car how the behave at the next intersection. The second category (double)
contains instructions about the behavior at the two upcoming intersections.
Finally, the third category (ordinal) contains instructions including ordinal
expressions relating to any of two upcoming intersections.
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Left Turn Lane FollowRight Turn Straight

Figure 3.4: Top-down view showing trajectory segments with sub-task anno-
tations.

3.4.2 Training and Trajectory Generation

We collected expert trajectories in simulation and trained each model with
supervision analogous to prior work (Müller et al., 2018; Das et al., 2018b). First,
we collected an expert trajectory, 𝑑 = {𝑝𝑡 : 𝑡 ∈ 𝑇}, by releasing a randomly
roaming expert with a global planner and PID controller similar to (Müller
et al., 2018), and obtained training sub-task labels based on the annotated road
structure, where 𝑝𝑡 = ⟨𝑠𝑡 , 𝑎𝑡 , 𝜏𝑡⟩, 𝑠𝑡 ∈ S = R3×200×88 is an image used as a state
observation, 𝑎𝑡 ∈ A is an action, and 𝜏𝑡 ∈ T is a sub-task label at time 𝑡.

Then, we partitioned the trajectories into a set of trajectory snippets
𝐷 = {𝑑𝑖} for training both low-level and high-level policies based on the
sub-task labels where 𝑑𝑖 = {𝑝𝑡 : 𝑡 ∈ 𝑅𝑖} and 𝑅𝑖 = [𝑝𝑖 , 𝑞𝑖] such that 𝑝𝑖 ≤
𝑞𝑖 ∧ 𝑝𝑖 ∈ 𝑇 ∧ 𝑞𝑖 ∈ 𝑇 ∧ 𝜏𝑎 = 𝜏𝑏 ∀𝑎, 𝑏 ∈ [𝑝𝑖 , 𝑞𝑖]. Snippets around intersections
were segmented according to which turn was taken into the left, right,
and straight policies, corresponding to each of the three possible choices.
Intersections were connected by the sub-task lanefollow.

In order to make the low-level policy robust, we added a margin before
and after each snippet, so that each low-level policy also learns to follow the
lane. We used 𝐿1 loss for training the control model and binary cross entropy
loss for training the end-of-sub-task model.

For high-level policies, we used three or five snippets as a longer seg-
ment which included one or two intersections and neighboring lanefollow
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snippets. Within the segment, we drew data points from boundary regions
between sub-tasks for training. We use cross entropy loss for training the
high-level model. Fig. 3.4 shows a couple of examples of road segments with
sub-tasks annotations.

In addition to one front-facing camera, we put two additional cameras
rotated about 14 degrees to the left and to the right, to simulate the images
from drifted states. We used three types of images to examine the effects of
input modality on generalization from one town to the next, shown in see
Fig. 3.3. These are: (1) rgb: color images from the dash-mounted camera, (2)
gs: ground-truth binary road segmentation images from the simulator; and
(3) ps: predicted binary road segmentation images from DeepLabv3+ (Chen
et al., 2018) with Mobilenetv2 (Sandler et al., 2018) pretrained with COCO (Lin
et al., 2014) and fine-tuned on the Cityscapes dataset (Cordts et al., 2016).

3.5 Experiments and Results

We perform a comprehensive evaluation of different properties of our model,
and compare it to established baselines. We begin with a quantitative evalua-
tion of generalization abilities of the model for different types of observations.
We follow with ablation experiments and comparisons to previously published
baselines. Then, we demonstrate robustness to misleading instructions and
randomly timed commands. Finally, we show how our model can be used
in interactive, real-time scenarios. In the following evaluations, we trained
the model on Town1 and tested on both Town1 and Town2. In the training
procedure, we draw fixed-length trajectories from the trajectory snippets.

3.5.1 Input comparison

One challenge with training policies on unstructured input such as images
and language is transferring models to new environments. We explored
the effects of different input modalities on performance and generalization
inspired by the previous work (Müller et al., 2018) which has shown that
segmentation-based policies transfer well between environments. The results
can be seen in Table 3.2.
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Input Modality→ rgb gs ps
Language Type ↓ train test train test train test

single 1.000 1.000 1.000 1.000 0.982 1.000
double 0.809 0.439 1.000 0.986 0.976 0.874
ordinal 0.813 0.333 1.000 0.938 1.000 0.938

all 0.880 0.613 1.000 0.970 0.982 0.926

Table 3.2: Comparison of results for three different input modalities: ground-
truth segmentation gs, predicted segmentation ps, and raw color images rgb.

We performed language-grounded driving by starting from the beginning
of the trajectory, given a randomly sampled sentence, and measure the rate of
successful episodes. Overall, the model achieved almost perfect results for all
levels of language complexity as long as ground truth segmentation was used
as observations, even when generalizing across different environments. The
performance dropped slightly, when predicted segmentation was used. Finally,
raw color images resulted in largest performance drop when the model was
transferred across environments, despite good performance on the training
environment. Table 3.2 shows the quantitative evaluation result. The average
performance drop from Town1 to Town2 with rgb is about 30.13% while the
averages performance drops of ps and gs are about 5.038% and 1.301%. This
reaffirms good generalization performance of semantic segmentation. This
trend was primarily noticeable for language instructions of highest complexity
(ordinal). A full comparison with model ablations and input modalities is
provided in Table B.3 in Appendix.

3.5.2 Model Comparison

We compared our model (𝐻𝑖ℎ) with three variants of the model and two
baseline models, a single policy and a Neural Modular Control (NMC) (Das
et al., 2018b), given ground-truth road segmentation as input (gs). A single
policy was implemented by extending a high-level policy to directly predict
actions. We implemented NMC without attention for post-navigation question
answering. The first variant (𝐻∅) is a hierarchical baseline model with a high-
level policy which only takes language instruction as its input. A high-level
policy in the second variant (𝐻𝑖) takes the image along with the language
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Language Type→ single double ordinal all
Model ↓ train test train test train test train test

Single policy 0.72 0.58 0.03 0.00 0.03 0.00 0.29 0.20
Single policy w/ history 0.68 0.67 0.08 0.00 0.14 0.00 0.31 0.23

NMC (Das et al., 2018b) 0.22 0.21 0.00 0.00 0.00 0.00 0.08 0.07

𝐻∅: hierarchical baseline 1.00 1.00 1.00 1.00 0.97 0.91 1.00 0.99
𝐻𝑖 : 𝐻∅ w/ images 1.00 1.00 0.98 0.98 1.00 0.81 0.99 0.99
𝐻𝑖ℎ : 𝐻𝑖 w/ history (ours) 1.00 1.00 1.00 0.96 1.00 0.94 1.00 0.97
𝐻𝑖ℎ𝑔 : 𝐻𝑖ℎ w/ gated attention 0.98 1.00 0.98 0.94 0.97 0.89 0.98 0.95

Table 3.3: Comparison of our method to both a single policy and a Neural
Modular Control (NMC) (Das et al., 2018b) baseline, and ablation of several
different key components, given ground-truth road segmentation as input (gs.)
Models used in ablation, 𝐻∅, 𝐻𝑖 , and 𝐻𝑖ℎ , are explained in Section 3.5.2. 𝐻𝑖ℎ𝑔

replaces the original low-level model with Gated Attention model (Chaplot
et al., 2018).

instruction but it does not use the sub-task history. Our model (𝐻𝑖ℎ) uses the
language instruction, the image, and the sub-task history in the high-level
policy. The last variant (𝐻𝑖ℎ𝑔) uses the same high-level model as our model
but it replaces the original low-level policy using a few sub-task-specific GRU
layers by a new low-level policy which is conditioned by a sub-task label
using GA. A single policy was implemented by extending a high-level policy
to directly predict actions. Table 3.3 shows that all variants of our model
outperformed the baselines.

We see that both baselines struggled to interpret more complex commands
(double or ordinal). The single policy could learn a turning behavior
from fixed-length sub-trajectories but failed to learn to distinguish multiple
turns and plan a series of turns. This is understandable, given the length of
the trajectories (hundreds of frames), which do not fit in a single recurrent
unit. The hierarchical decomposition of the task in our model reduces the
complexity of the problem and makes the model trainable with long-time
horizon data. The NMC baseline performed poorly even for simple directions
(single). Lack of an attention mechanisms resulted in poor performance of
end-of-sub-task and sub-task prediction.

Among our model and two hierarchical variants of the models,𝐻𝑖ℎ ,𝐻∅ and
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Language Type→ single double all
Model ↓ train test train test train test

𝐻∅: hierarchical baseline 1.000 1.000 0.758 0.652 0.828 0.742
𝐻𝑖 : 𝐻∅ with images 1.000 1.000 1.000 0.957 1.000 0.968
𝐻𝑖ℎ : 𝐻𝑖 with sub-task history (full model) 1.000 1.000 1.000 0.928 1.000 0.946

Table 3.4: Evaluation of our approach for misleading language instructions
(e.g. “go straight” when no straight road exists). We used ground-truth
segmentation images gs as input.

𝐻𝑖 , we could not see a huge performance gap. Transition between sub-tasks is
highly dependent on the end-of-sub-task value from low-level policy and that
gives the model with a simple high-level policy high performance.

In addition, we replace the original low-level model with the gated-
attention model, 𝐻𝑖ℎ𝑔 , which takes sub-task values as a conditional input.
Though this conditional low-level model performs slightly worse than the
original model, 𝐻𝑖ℎ , its performance is comparable to other ablation models.
It implies that switching between a fixed number of special layers is not
necessarily needed; for higher-level tasks in future, we can generalize the
intermediate representation not restricted to a fixed number of sub-tasks.

3.5.3 Misleading Instructions

Realistic natural language instructions are often inconsistent and ambiguous.
For an autonomous system, it is paramount to handle such instructions and
generate only safe behavior. To evaluate our model in such conditions, we
generated misleading language instructions containing directions not possible
to execute given the current world map (e.g. “go straight" for a T-shaped
intersection). In such cases, we expect a safe behavior and choose to train the
model to stop for impossible straight directions or go straight for impossible
turns. We evaluated the resulting model only on misleading instructions.

Table 3.4 shows the quantitative evaluation of our model for misleading
language directions using ground-truth segmentation images as input. Usage
of the image in the high-level policy seemed to be an important factor on
performance. Performance of the model𝐻∅ on complicated language directions
is degraded in comparison to other models which use images in the high-level
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Figure 3.5: An example of interactive driving. The trajectory and the instruc-
tions provided by the user are shown on the left. The right side shows images
corresponding to the indicated points along the trajectory.

policy. This demonstrates the importance of using image in decision making
when it has to deal with misleading language instructions. Our model shows
the robustness to misleading instructions.

3.5.4 Interactive Driving

In realistic settings, a self-driving car will receive instructions from the user at
different moments in time, even if the car is currently executing a previous
command. To illustrate the robustness of our model to imperfectly timed
commands as well as random interruptions, we designed an interactive, real-
time driving protocol, where users could provide natural language instructions
at any moment in time. The agent interrupts the current plan whenever a
new instruction s received. Here, we present and analyse an example of such
experiment (see Fig. 3.5).

The experiment began with the instruction “Go make a left turn up here
then it will be a another right turn there." Then the user interrupted the
execution of the commands three times at random moments, often while a
sub-task such as left turn is currently being executed. This interactive driving
example shows that our agent can be used to drive continuously according to
user directions, even when frequently interrupted or when given inconsistent
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commands. Thanks to its hierarchical structure, our model is less sensitive to
timing issues; it will complete the current maneuver before executing the next
command.

3.6 Conclusion

We showed a system for linguistic control of a self-driving vehicle from images,
and provide an ablation analysis of which components of the network are
important for providing the best performance including generalization to new
environments. In particular, we showed our model improves on related prior
work for visual question answering (Das et al., 2018b) and extends work in
driving using conditional policies. Our future work will focus on even more
complex language expressions, with emphasis on objects in the environment.





Chapter 4

LanguageRefer:
Spatial-Language Model for 3D
Visual Grounding

4.1 Introduction

Figure 4.1: Simplified overview of LanguageRefer. The LanguageRefer
model takes as input a grounding language description of a single object in
the scene, a 3D point cloud of a scene, and bounding boxes of objects in the
scene and predicts the target object. Its four modules include: a classifier, a
spatial embedder, a language embedder, and a spatial-language model.

For robots to communicate seamlessly with humans to perform meaning-
ful tasks in indoor environments, they must understand natural language
utterances and ground them to real-world elements. Several recent advances

63
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have combined language and visual elements, producing methods for tasks
such as visual question and answering (VQA) involving spatio-temporal rea-
soning tasks (Johnson et al., 2017; Yi et al., 2020; Girdhar and Ramanan, 2020),
embodied QA (Das et al., 2018a), and pre-training for visual recognition tasks
with language descriptions (Radford et al., 2021). Further, embodied agents
can follow visually grounded language instructions to perform embodied
tasks (Shridhar et al., 2020b; Kolve et al., 2017). However, for real robots to
intelligently perform these tasks, we need 3D representations from raw sensor
data; ReferIt3D (Achlioptas et al., 2020) proposes a benchmarking dataset of
language utterances referring to objects in 3D scenes from the ScanNet (Dai
et al., 2017) dataset.

Our long-term goal is to enable robots to visually navigate indoor environ-
ments based on referential instructions. In this paper we take a step towards
this goal by leveraging the ReferIt3D dataset to build a model that can identify
the 3D object referred to in a language utterance.

Referential language to identify an object in real-world 3D scenes poses a
challenging problem. Consider the sample utterance“Facing the foot of the bed,
the bed on the right” along with a 3D scene as shown in Figure 4.1. Humans
can easily follow the language clues, infer the point of view of the speaker,
locate all the referenced elements, and spatially reason to locate the bed in the
scene despite two instances of beds. However, viewpoint prediction, object
identification, and spatial reasoning remain open-ended research problems in
robotics and vision.

The 3D reference task proposed by ReferIt3D is difficult because: (1)
reconstructed 3D scenes of the real world in the ScanNet dataset are noisy and
lack fine details compared to 2D images or rendered 3D scenes, (2) fine-grained
class labels and expressions in natural language utterances are diverse and not
exactly matched, (3) view-dependent utterances often require guessing the
original viewpoints, which deters the model from properly learning spatial
concepts, and (4) the combined complexity of multiple challenges complicates
efforts to analyze what the model learns or understands.

Inspired by the success of the methods in (Ding et al., 2020; Kamath et al.,
2021) on CLEVR and CLEVRER domains for the spatial reasoning task, we
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hypothesized that for the 3D reference task, decoupling the spatial-reasoning
from the perceptual task of identifying the objects in the 3D scene would
improve performance and clearly track the role of perception noise in perfor-
mance. More specifically, instead of developing an integrated multi-modal
perception system, we assumed a pre-trained instance classification model
or ground-truth classes for the objects that informed the spatial reasoning
task. We focused on how the language model with spatial information could
handle the reference task.

The ReferIt3D dataset includes two sub-datasets containing natural and
synthetic language utterances, namely Nr3D and Sr3D, respectively. In our
experiments, our model achieved comparable scores on both with predicted
instance class labels. We observed high accuracy with ground-truth labels
in Sr3D, which indicates that our model better understood template-based
language data. Since our pipeline is modular and features multiple models
(perceptual, spatial embedding, pre-trained language embedding, and spatial-
language), our approach is flexible and adaptable to different environments
and object entities.

Another aspect of the 3D reference task is viewpoint prediction. The
ReferIt3D dataset contains utterances that can be grouped into view-independent
(VI) and view-dependent (VD) categories. An example of a VI utterance is
“The lamp closer to the white armchair" and a VD utterance is “The lamp on the
right in-between the beds". The VD utterance requires viewpoint prediction.
This distinction is crucial for robotics applications where the agent must infer
the viewpoint to which the speaker is referring. In the ReferIt3D dataset,
some VD utterances lack information to guess the valid orientation of the
agent (who utters the language description), which prevents a model from
understanding the significance of spatial relationships such as ‘left of.’ This
is due to the annotation process of ReferIt3D datasets, where both a speaker
and a listener can freely rotate the scene to infer an ill-defined orientation
in the utterance. Human annotators who are aware of spatial concepts tend
to validate otherwise arbitrary orientations. However, a data-driven model
will suffer from degraded learning when it cannot verify orientations as well
as human annotators. Viewpoint-free annotations may suit most robotics
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applications; nonetheless, predicting or verifying whether a given statement
and the viewpoint match remains important. To better train and investigate
the agent in view dependencies, we provide an extra collection of orientation
annotations for VD utterances and compare the models with and without
viewpoint correction from them.

To summarize, the paper contributes: (1) a novel transformer-based
spatial-language model in a modular pipeline that better understands spatial
relationships in a 3D visual grounding task. We show that our model achieves
comparable performance with state-of-the-art methods on the Nr3D and Sr3D
datasets. (2) analysis of the ReferIt3D dataset with viewpoint orientation
annotations to remove potential artifacts from implicit orientations. (3) ablation
and additional experiments with ground-truth classes that decouple the impact
of perception noise in the spatial reasoning task.

4.2 Related Work

4.2.1 Vision-and-Language Navigation and Robot Navigation

Vision-and-language navigation (VLN) has been extensively studied and made
remarkable progress over the last few years ((Anderson et al., 2018c; Ku et al.,
2020; Qi et al., 2020; Chen et al., 2020b; Savva et al., 2019; Ma et al., 2019a;
Ke et al., 2019a; Anderson et al., 2018b; Fried et al., 2018; Hong et al., 2020;
Shrivastava et al., 2021)). Given a language instruction in the simulation
environment, the goal is for an agent to reach the desired node on the pre-
defined traversal graph using images as input. The literature offers several
extensions. ALFRED (Shridhar et al., 2020b) proposes an extended VLN task
that grounds a sequence of sub-tasks to achieve a higher level task in the
AI2Thor environment (Kolve et al., 2017). ALFRED navigation sequences have
(implicit) goals that are often close to objects of interest in the subsequent
sub-tasks, e.g., when an agent is asked to move in front of the sink because it
is going to clean a cup there. With high-level semantic tasks, object-centric
spatial understanding is of even greater importance.

In another direction, recent approaches have relaxed the constraint of
discrete traversal in VLN into continuous space ((Anderson et al., 2020; Krantz
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et al., 2020; Blukis et al., 2020; Roh et al., 2019; Irshad et al., 2021)). Here,
an agent encounters more complex tasks involving time and space. Thus,
expanding the space representation to 3D can be an effective solution. In
the context of VLN, we consider the 3D visual grounding task as a proxy
for 3D indoor navigation that includes the full observability assumption and
goal-oriented language descriptions. In particular, our approach focuses on
understanding spatial relationships among objects, which plays a key role in
VLN and robot navigation.

4.2.2 2D and 3D Visual Grounding

The 2D visual grounding task localizes an object or region in an image given
a language description about the object or region ((Plummer et al., 2015;
Kazemzadeh et al., 2014; Mao et al., 2016)). Most methods use two-stage
approaches: they first generate proposals and then compare the proposals to
the language description to choose the grounded proposal ((Yu et al., 2018;
Yang et al., 2019; Yu et al., 2016; Liu et al., 2020; Ye et al., 2019)).

The 3D visual grounding task localizes a 3D bounding box from the point
cloud of a scene given a language description. Recently, ReferIt3D (Achlioptas
et al., 2020) and ScanRefer (Chen et al., 2020a) were proposed as datasets
for 3D visual grounding tasks, with language annotation on the ScanNet
(Dai et al., 2017) dataset. Most 3D grounding approaches ((Achlioptas et al.,
2020; Chen et al., 2020a; Yuan et al., 2021; Feng et al., 2021; Yang et al., 2021))
follow a two-stage schemes similar to many 2D visual grounding tasks. First,
multiple bounding boxes are proposed or the ground-truth bounding boxes
are used, and then features from the proposals are combined or compared
with features from the language description. InstanceRefer (Yuan et al.,
2021) extracts attribute features both from point clouds and utterances and
compares them to select the object that best matches. FFL-3DOG (Feng et al.,
2021) matches features from language and point clouds with guidance from
language and a visual scene graph. These methods rely on specific designs,
e.g., bird-eye-view mappings with different types of operations or intensive
language pre-processing for graph generation. In contrast, our approach leverages
the language embedding space from the pre-trained language model. Following the
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pipeline and general architecture of the language model therefore requires
minimal manual design compared to previous works. SAT (Yang et al., 2021),
like our approach, relies on transformer (Vaswani et al., 2017) models; it learns
a fused embedding of multi-modal inputs and uses auxiliary 2D images. In
contrast, our approach uses a semantic classifier to predict object class labels
and takes these labels as input. It has a marginal cost of learning fused
embeddings compared to training multiple BERT models (Devlin et al., 2018)
from scratch in SAT (Yang et al., 2021). Even given only semantic information
from point clouds, our model still achieved comparable performance with state-
of-the-art methods on Nr3D and Sr3D datasets. In addition, the decoupled
perception module makes our approach modular and thus transferable to
different data.

4.3 Problem Statement and Methodology

Given a 3D scene 𝑆with a list of objects (𝑂1 , · · · , 𝑂𝑀) and a language utterance
𝑈 , the problem is to predict the target object 𝑂T ,T ∈ I𝑀 = {1, · · · , 𝑀}
referred to in the language. A single object 𝑂𝑖 consists of a bounding box
𝐵𝑖 ∈ B = R6 and corresponding point cloud 𝑃𝑖 ∈ P = R𝑁𝑖×6 (xyz positions
and RGB values) in the bounding box with 𝑁𝑖 number of points.

We propose an approach based on language models, called LanguageRefer,
to solve a 3D visual grounding task. Our model focuses on understanding
spatial relationships between objects from language descriptions and 3D
bounding box information. We chose this approach due to (1) the high
dependency on spatial relationship descriptions in language, and (2) the
holistic nature of spatial relationship information, which differs from unary
attribute information such as color and shape. As shown in Figure. 4.2, we
use a two-stage approach. First, we determine the class labels of objects in the
scene. Second, we use spatial-language embedding to identify the referenced
object. The following subsections describe these steps in detail.

Semantic Classification Model and Tokenization. For semantic classification
of the point cloud in a bounding box, we employed PointNet++ (Qi et al.,
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Figure 4.2: Detailed overview of LanguageRefer. A semantic classifier
predicts class labels from a 3D point cloud in each bounding box (using
color and xyz positions). The language description or utterance (e.g., “Facing
the foot of the bed, the bed on the right”) is transformed into a sequence of
tokens. The input token embedding in DistilBert (Sanh et al., 2019) converts
the tokens into embedded feature vectors (green squares). Bounding box
position and size information are positional-encoded to form encoded vectors
using techniques from (Vaswani et al., 2017) (orange squares); they are added
to the corresponding embedded feature vectors (green squares). After the
addition, our reference model processes the modified features and feeds them
to multiple tasks. The main task is a reference task, i.e., it chooses the referred
object from the object features. The instance classification task is a binary
classification, i.e., it determines whether the given object feature belongs to the
target class. Finally, the masking task, commonly used in language modeling,
recovers the original token from a randomly replaced token in the utterance.

2017), which achieved 69% accuracy on average in the test dataset. In training
and inference, we use a sampled point cloud 𝑃′

𝑖
∈ R1024×6 and PointNet++

predicts the semantic label 𝑙 ∈ L , where L is a set of class labels in text.
Each scene has pairs of predicted class labels and bounding box values
((𝑙𝑖 , 𝐵𝑖) : 𝑙𝑖 ∈ L , 𝐵𝑖 ∈ B) from objects. Predicted labels are concatenated to
the utterance𝑈 with a separator [SEP] and then split by a tokenizer into a list
of indices of tokens: 𝑈 becomes (𝑢1 , · · · , 𝑢𝑡), and each predicted class label 𝑙𝑖
becomes (𝑜 𝑖1 , · · · , 𝑜 𝑖𝑛1), where each token index is in I𝐷 and 𝐷 is the size of
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the dictionary.

Language Model and Token Embedding Generation. Our model uses a
pre-trained language model, DistilBert, for the reference task. Transformers
consider relationships among all pairs of elements through attention, and
they can be effectively leveraged to explain spatial relationships between
objects as discrete entities. In our formulation, predicted class labels are
considered to be sentences, so they are concatenated to the utterance with
separation by [SEP]. Therefore, the final sequence of token indices would
be V = ([CLS], 𝑢1 , · · · , 𝑢𝑡 , [SEP], 𝑜1

1 , · · · , 𝑜1
𝑛1 , [SEP], · · · , [SEP], 𝑜𝑀1 , · · · , 𝑜𝑀𝑛𝑀 ,

[SEP]). Though the token index sequence complies with the specification of
DistilBert, it violates the number of sentences. Then, we transform 𝑉 into
the token embedding sequence𝑊 = (𝑤1 , · · · , 𝑤𝑇), 𝑤𝑖 ∈ R768 using DistilBert’s
word embeddings. For concise notation, we define the indices of utterance
tokens in 𝑉 or𝑊 as a mask 𝑀𝑈 = (2, · · · , 𝑡 + 1) and the indices of first tokens
from objects (𝑜1

1 , · · · , 𝑜
𝑀
1 ) as a mask 𝑀𝑂 . We also define a mask operator [·]

to manipulate specific elements in the sequence; for instance, 𝑊[𝑀𝑈] = 0
empties all utterance embeddings in𝑊 .

Spatial-Language Model and Spatial Embeddings.. To combine spatial
information from raw bounding box values into the token embedding𝑊 , we
employ sinusoidal positional encoding PE(·) from (Vaswani et al., 2017) to
transform the bounding box vector (center position and size) 𝐵𝑖 ∈ B ⊂ R6 to
𝑏𝑖 = PE(𝐵𝑖) ∈ R768, which is then added to 𝑊[𝑀𝑂].1 The token embedding
𝑊 is then combined with spatial information and finally transformed into
the output embedding 𝑋 = (𝑥1 , · · · , 𝑥𝑇), 𝑥𝑖 ∈ R768 by the reference model,
which is fine-tuned from the pre-trained DistilBert. The final reference task
is performed by the reference classifier from 𝑋[𝑀𝑂], as explained in the
following subsection.

Loss Functions. We use three tasks for training and corresponding loss
values. First, we use the reference loss, L𝑟𝑒 𝑓 , following the original proposal

1Each value in 𝑏𝑖 is extended to 128-dimensions by PE and then concatenated to form a
768-dimensional vector.
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in (Achlioptas et al., 2020). We ask the model to choose one object as the target
instance from 𝑀 candidates. We collect scalar values from 𝑋[𝑀𝑂] by a linear
layer and take the argmax on those values to choose the target instance.

Second, we add a binary target classification loss L𝑐𝑙 𝑓 on 𝑋[𝑀𝑂] to
determine whether a given object belongs to the target class.

Last, we employ mask loss from language model pre-training, L𝑚𝑎𝑠𝑘 . We
randomly replace the tokens from nouns in the utterance with a probability
of 15 %. The noun token is replaced by [MASK] with an 80 % chance, by a
random token with a 10 % chance, or it remains the same with a probability of
10 %. Then, the model is asked to recover the original token index. We expect
the model to fill in the replaced tokens in the utterance by understanding
the relationship between objects. We use cross entropy loss for all tasks and
compute the final loss as

L = L𝑟𝑒 𝑓 + 0.5L𝑐𝑙 𝑓 + 0.5L𝑚𝑎𝑠𝑘 . (4.1)

At inference, we followed the approach of InstanceRefer (Yuan et al., 2021)
to filter out objects that do not belong to the predicted target class. We used
an extra DistilBert-based target classification model of 94 % accuracy that
takes the language utterance as input to predict the target class. To reduce the
chance of removing the true target instance in the filtering process, the top-𝑘
class predictions (from the semantic classifier) for each object are compared
to the predicted target class. We use 𝑘 = 4 throughout the experiments. For
masking loss computation, we extracted nouns in the utterance. We used flair
(Akbik et al., 2019) for part-of-speech (POS) tagging.

4.4 Experiments

4.4.1 Datasets

We evaluated our model on the reference task from ReferIt3D (Achlioptas et al.,
2020) with two datasets, Nr3D (Natural reference in 3D) and Sr3D (Spatial
reference in 3D, which contains spatial descriptions only). Both datasets
augment ScanNet (Dai et al., 2017), a reconstructed 3D indoor scene dataset
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with language descriptions. Nr3D has 41,503 natural language utterances, and
Sr3D contains 83,572 template-based utterances, on 707 scenes following the
official splits of ScanNet (Dai et al., 2017). The datasets have 76 target classes
and are designed to have multiple same-class distractors in the scene.

4.4.2 Experiment Settings

ReferIt3D (Achlioptas et al., 2020) provides the ground-truth bounding boxes
of objects in the scene, point clouds of the scene, utterances and corresponding
target objects. We measured the accuracy of the model by comparing the
object selected from 𝑀 candidates to the ground-truth target object. When
the number of same-class distractors exceeded two, we classified the instance
as “hard” according to (Achlioptas et al., 2020). The other cases were classified
as “easy.”

We trained models with a learning rate of 0.0001 using AdamW opti-
mization, warm-up and linear scheduling. Our model was initialized with
a pre-trained model of the cased Distilbert base (Sanh et al., 2019) from the
Hugging Face implementation (Wolf et al., 2020).

We compared the performance of our model with state-of-the-art methods
on ReferIt3D ((Achlioptas et al., 2020; Yang et al., 2021; Chen et al., 2020a; Yuan
et al., 2021; Feng et al., 2021)) based on the reported numbers on the challenge
website (Achlioptas) and corresponding papers. Since SAT (Yang et al., 2021)
uses an extra 2D image dataset in their training, we separated it from non-SAT,
their baseline model that is not trained with the extra dataset.

4.4.3 Evaluation on ReferIt3D (Achlioptas et al., 2020)

Table 4.1 shows the accuracy on Nr3D and Sr3D. Our model outperformed
other models (without extra training datasets) on both Nr3D and Sr3D. It
achieved 43.9% on Nr3D with an+8.3% improvement over the baseline method
of ReferIt3D (Achlioptas et al., 2020) and a 2.2% increase over the best accuracy
from other models in Nr3D. For Sr3D, our model achieved 56.0%, which is a
15.2% and 8.0% increase over the baseline and the best accuracy in the Sr3D
section, respectively. It is also comparable to the accuracy of SAT (with a 1.9%
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Dataset Method Overall Easy Hard View-dep. View-indep.

Nr3D

ReferIt3D (Achlioptas et al., 2020) 35.6 % 43.6 % 27.9 % 32.5 % 37.1 %
ScanRefer (Chen et al., 2020a) 34.2 % 41.0 % 23.5 % 29.9 % 35.4 %

InstanceRefer (Yuan et al., 2021) 38.8 % 46.0 % 31.8 % 34.5 % 41.9 %
FFL-3DOG (Feng et al., 2021) 41.7 % 48.2 % 35.0 % 37.1 % 44.7 %
non-SAT (Yang et al., 2021) 37.7 % 44.5 % 31.2 % 34.1 % 39.5 %

Ours 43.9 % 51.0 % 36.6 % 41.7 % 45.0 %

Nr3D w/ 2D images SAT (Yang et al., 2021) 49.2 % 56.3 % 42.4 % 46.9 % 50.4 %

Sr3D

ReferIt3D (Achlioptas et al., 2020) 40.8 % 44.7 % 31.5 % 39.2 % 40.8 %
InstanceRefer (Yuan et al., 2021) 48.0 % 51.1 % 40.5 % 45.4 % 48.1 %

non-SAT (Yang et al., 2021) 47.4 % N/A N/A N/A N/A
Ours 56.0 % 58.9 % 49.3 % 49.2 % 56.3 %

Sr3D w/ 2D images SAT (Yang et al., 2021) 57.9 % 61.2 % 50.0 % 49.2 % 58.3 %

Table 4.1: Accuracy on ReferIt3D (Achlioptas et al., 2020). Our model
outperformed state-of-the-art models on both Nr3D and Sr3D except for
models with additional training data (SAT with 2D images). The average
performance gap between ours and other models on Sr3D (10.6%) is larger
than that on Nr3D (6.3%) since our model uses only spatial reasoning for the
reference task.

difference), which was trained with additional 2D image training data. These
results prove that our model can accurately reason about spatial relationships
from spatial-language embeddings and outperforms other models on both
datasets despite the loss of information in appearance. In addition, less diverse
language expressions and utterances only about spatial reasoning can explain
our model’s strong performance on Sr3D.

4.4.4 Evaluation with Ground-Truth Class Labels

We further investigated the model’s spatial reasoning ability by removing
noise in class labels. We replaced predicted class labels with ground-truth
class labels, which was possible due to the explicit usage of class labels in our
model.

Table 4.2 shows the result with and without ground-truth class labels.
The first and second columns demonstrate the type of dataset in training and
evaluation, respectively. For instance, the second row shows the evaluation
result of the model trained with the Nr3D dataset with ground-truth class
labels and evaluated on the Nr3D dataset with predicted class labels. When we
trained and evaluated our model with ground-truth labels on Nr3D and Sr3D
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(row 4 and 8), we achieved 54.3% and 91.1% accuracy, respectively. Compared
to the accuracy of models trained and evaluated with noisy labels, we realized
an improvement is 10.4% and 35.1%, respectively, for each dataset. When we
evaluated with ground-truth labels the models trained with noisy labels, their
performance increase was 9.7% and 24.2%, respectively. Multiple reasons
account for the difference in performance on Nr3D and Sr3D: diversity in the
natural language dataset, a higher portion of view-dependent utterances or
view-dependent utterances with no mention of orientation, and descriptions
other than spatial relationships, such as color or appearance.

In addition, we examined the accuracy given switched datasets, namely,
when we train a model on Nr3D and evaluate it using Sr3D, and vice versa.
The last two rows in Table 4.2 show two switched evaluation results: 40.0%
and 37.6% on Sr3D and Nr3D, respectively. The 37.6% accuracy on Nr3D
from the model trained on Sr3D is comparable to the accuracy of non-SAT
(Yang et al., 2021) and InstanceRefer (Yuan et al., 2021). It shows our model’s
generalizability of spatial reasoning and potential to transfer to different
perception modules and datasets.

4.4.5 Ablation on Loss Terms

We trained models with different combinations of loss terms, and Table 4.3
shows the results. In addition to three tasks, we examined the effect of a text
classification task that predicts the target class label 𝑙 ∈ L from the tokens
from utterance 𝑋[𝑀𝑈].

We found that only the binary classification loss shows its effect clearly
(+3.5% from Ref. to Ref.-Clf., +3.9% from Ref.-Mask to Ref.-Mask-Clf., +1.0%
from Ref.-Text to Ref.-Text-Clf.). The mask loss was not effective, and the text
classification loss degraded accuracy. One hypothesis here is that the text
classification loss does not help the model to transform the initial language
embedding to a spatial-language embedding. The model may not require
strong language constraints because (1) it already has a good initial language
embedding, and (2) the text classification loss is independent of the scene’s
spatial configuration. Due to the performance drop, we chose our model
without the text classification loss.
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Dataset All Easy Hard View-dep. View-ind.Training Evaluation

Nr3D-pred Nr3D-pred 43.9 % 51.0 % 36.6 % 41.7 % 45.0 %
Nr3D-gt Nr3D-pred 41.4 % 48.0 % 34.6 % 38.1 % 43.0 %
Nr3D-pred Nr3D-gt 53.6 % 64.4 % 42.5 % 50.7 % 55.0 %
Nr3D-gt Nr3D-gt 54.3 % 65.5 % 42.8 % 49.1 % 56.8 %

Sr3D-pred Sr3D-pred 56.0 % 58.9 % 49.3 % 49.2 % 56.3 %
Sr3D-gt Sr3D-pred 52.1 % 53.8 % 48.2 % 43.9 % 52.5 %
Sr3D-pred Sr3D-gt 80.2 % 83.2 % 73.1 % 62.5 % 81.0 %
Sr3D-gt Sr3D-gt 91.1 % 93.1 % 86.2 % 67.0 % 92.1 %

Nr3D-pred Sr3D-pred 40.0 % 43.6 % 31.5 % 41.2 % 39.9 %
Sr3D-pred Nr3D-pred 37.6 % 45.3 % 29.6 % 34.5 % 39.0 %

Table 4.2: Ablation with ground-truth class labels. First and second columns
show types of data used in training and evaluation. The high overall accuracy
(91.1% at row 8) of the model both trained and evaluated with ground-truth
class labels on Sr3D shows its spatial reasoning ability besides the perception
noise. Accuracy gaps between ground-truth and predicted class labels on
Nr3D and Sr3D (9.7%, 24.2%, respectively) indirectly tell us about language
complexity and information loss due to classification. Transferring the model
trained with Sr3D to Nr3D evaluation shows an overall number (37.6% at
row 10) comparable to those from other methods. Our model can easily
accommodate different classification models or datasets.

4.4.6 Viewpoint Annotation

View-dependent utterances without information about original viewpoint
make the reference task in ReferIt3D (Achlioptas et al., 2020) more challenging.
For instance, utterances such as “The door is wood with the handle on the left side.”
assume specific orientations of the agent, and it is impossible to recover the
true orientation without knowing the referred object; this differs from view-
dependent utterances with explicit viewpoint information, such as “Facing the
foot of the bed.” However, the original dataset of ReferIt3D (Achlioptas et al.,
2020) does not distinguish the utterances without orientation information from
those with it. Therefore, we split the view-dependent (VD) utterance category
into two subcategories, VD-explicit and VD-implicit, where VD-explicit has
explicit viewpoint information in the utterance. We then collected orientations
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Ref. Clf. Mask Text All Easy Hard View-dep. View-ind.

✓ - - - 40.6 % 48.2 % 32.8 % 38.5 % 41.6 %
✓ ✓ - - 44.1 % 51.3 % 36.7 % 41.0 % 45.6 %
✓ - ✓ - 40.0 % 47.2 % 32.5 % 36.8 % 41.5 %
✓ - - ✓ 40.0 % 48.7 % 30.8 % 37.8 % 40.9 %
✓ ✓ ✓ - 43.9 % 51.0 % 36.6 % 41.7 % 45.0 %
✓ ✓ - ✓ 41.0 % 49.7 % 31.9 % 39.3 % 41.8 %
✓ ✓ ✓ ✓ 40.0 % 48.2 % 31.5 % 38.9 % 40.6 %

Table 4.3: Ablation of loss terms on Nr3D. The classification loss was effective,
the mask loss did not significantly affect accuracy, and the text loss degraded
accuracy. We chose the model without text losses (fifth row, in blue).

Correction All Easy Hard View-dep. View-ind.Training Evaluation

✓ - 43.5 % 50.7 % 36.0 % 37.0 % 46.6 %
✓ ✓ 49.0 % 56.0 % 41.8 % 54.4 % 46.4 %
- ✓ 43.1 % 50.3 % 35.6 % 40.4 % 44.4 %
- - 43.9 % 51.0 % 36.6 % 41.7 % 45.0 %

Table 4.4: Comparison of accuracy with and without corrected orientations
on Nr3D.

from human annotators that validated the utterances. We set four standard
orientations assuming the agent is in the room (around the center of the scene)
and asked annotators to select all orientations that could be considered valid
from the utterance. Figure 4.3 shows examples of the four orientations. We
found that four orientations were sufficient to recover the original viewpoints
of the speakers. In total, 12,680 view-dependent utterances of the Nr3D dataset
were annotated; from these, 5,942 utterances were classified as VD-explicit. For
train and test split, 10,206 and 2,474 utterances were annotated, respectively.

From the orientation for view-dependent utterances, we revised the dataset
with the corrected orientation; we rotated the scene with respect to the
annotation so all scenes remained valid at the canonical orientation. For
view-independent utterances, we randomly rotated the scenes since they
were valid in any direction. Table 4.4 shows the accuracy values for models
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(a) An example of
standard orienta-
tion 1.

(b) An example of
standard orienta-
tion 2.

(c) An example of
standard orienta-
tion 3.

(d) An example of
standard orienta-
tion 4.

Figure 4.3: Examples of standard orientations for viewpoint annotation on
Nr3D (a-d). We assume that the robot is always inside the room except for
cases specified by utterances.

trained with and without corrected orientations. At inference, we evaluated
each model with and without corrected orientations, as well. The second
row shows the accuracy of the model that was trained and evaluated with
corrected orientations. Its overall accuracy was improved by +5.1% from the
final model without the correction that was used in Table 4.1 (the last row
in Table 4.4). Note that the improvement on view-independent utterances
was marginal (+1.4%), but the improvement on view-dependent ones was
significant (+12.7%). The first row shows the accuracy of a model trained with
corrected orientations and evaluated on the test data without correction. This
model achieved accuracy comparable to the final model (−0.4%). This implies
the correction helped the model to accurately interpret the view-dependent
scene when the orientation was consistently aligned, introducing no unwanted
bias.

4.5 Conclusion

We proposed LanguageRefer, a spatial-language model for 3D visual ground-
ing in a reference task. LanguageRefer combines language embeddings from
utterances and class labels with positional-encoded spatial information for
efficient learning of the spatial-language embedding space without different
modules for individual modality. Experimental results show that LanguageRe-
fer outperformed state-of-the-art models on ReferIt3D with no additional
training data. Analysis and ablations we performed demonstrate the effects
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of 1) noisy class labels, 2) arbitrary viewpoints in view-dependent utterances,
3) and the transfer of our model to different datasets for future robotics
applications.



Chapter 5

Visual Grounding on RGBD
Images

5.1 Introduction

In Chapter 4, we propose a model that extends the pre-trained language
model to a spatial-language model based on (Sanh et al., 2019) for 3D visual
grounding tasks with an additional pointcloud classification model. We
annotated the estimated valid orientations at the time of the original data
collection which makes the view-dependent utterances valid and examined
the effect of the annotation in accuracy. Assumption of the fully-observed
scene without viewpoint constraints makes the model confused. It also makes
the task detached from real-time navigation scenarios where the language
utterance is coupled with the camera pose or the robot pose and the scene
is partially-observed. Additionally, by using reconstructed 3D scenes, the
quality of the 3D pointcloud gets degraded due to artifacts or failures in
reconstructions from thin structures or reflective surfaces. Though the dataset
was built from sequences of RGBD images, the model needs to rely on low-
quality reconstructions instead of the raw data. In 4.3, we indirectly observe
the effect of the perception error by replacing the predicted class labels with
the ground-truth class labels and the quality of the 3D dataset may contribute
to the perception error.

79
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Figure 5.1: Simplified overview of the proposed model. The model takes
a pair of RGBD images and a grounding language that refers to an object in
the images. It estimates a 3D bounding-box of the referred object. Our model
has two sub-models: a 2D visual grounding model and a 3D bounding-box
regressor. The 2D visual grounding model takes the utterance and the color
image to produce a 2D bounding-box of the target object on the image. Then
the RGBD images are cropped with respect to the 2D bounding-box to create
a pointcloud and it is fed to the 3D bounding-box regressor. At last, the
regressor estimates 3D bounding-box from the cropped pointcloud.

In this chapter, we extend the proposed approach in Chapter 4 to a
visual grounding task in RGBD images. (Liu et al., 2021a) proposed a visual
grounding task in RGBD images which can alleviate the issues of (Achlioptas
et al., 2020). By directly using RGBD images and language descriptions
based on them, we no longer need the viewpoint estimation. It simulates
realistic robot navigation scenarios of partially observed scenes while directly
accessing high-quality observation. As following the strategy of leveraging
a large pre-trained model and compositing modules for interpretability, we
propose the model with two modules: a 2D visual grounding model and a 3D
bounding-box regression model. Our model achieves better accuracy than the
model in (Liu et al., 2021a).

SUNRefer dataset was a dataset proposed in (Liu et al., 2021a) for the
visual grounding task, on top of the SUN-RGBD dataset (Song et al., 2015).
It uses a subset of RGBD images of SUN-RGBD dataset (Song et al., 2015)
(7,699 images) and provides five language descriptions for the specified object
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Figure 5.2: Examples of SUNRefer dataset (Liu et al., 2021a) (borrowed from
the paper.) The figure shows the example descriptions and corresponding
RGBD images. The task is to estimate a 3D bounding box given a pair of RGBD
images and the corresponding language description that refers to an object in
the images. Some objects can be partially observed as shown in the top left
image or occluded as shown in the bottom left image.

for each image. Given a pair of RGBD images and a language description, a
model has to output a 3D bounding-box of the referred object. Figure 5.2 and
5.3 show examples of the SUNRefer dataset (Liu et al., 2021a). As shown in
Figure 5.2, some objects can be partially observed or occluded. A model needs
to understand diverse language expressions as described in Figure 5.3.

Understanding various descriptions is one of the challenges due to the
limited size of the language data. Another challenge is to estimate the complete
3D bounding-box from the partial observation. Figure 5.4 and 5.5 shows an
example of an RGB image overlaid with 2D ground-truth bounding-boxes and
a visualization of the 3D ground-truth bounding-boxes of the same scene with
a pointcloud generated from the cropped area of the target object, respectively.
In the example image, the target object is the leftmost dresser. The RGBD
images are cropped from the target dresser bounding-box and transformed to
form a pointcloud. Then it is clustered by DBSCAN (Ester et al., 1996) with
Open3D (Zhou et al., 2018) and all clusters are rendered with different colors
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Figure 5.3: Example language descriptions in SUNRefer (Liu et al., 2021a)
(borrowed from the paper.) The figure illustrates examples of five different
language descriptions for a pair of RGBD images.

in Figure 5.5. In Figure 5.5, green box indicates the target 3D bounding-box
and red boxes indicate bounding-boxes of other objects. A cyan box shows a
3D bounding-box that minimally covers the largest cluster from the pointcloud.
When we compare the ground-truth target bounding-box and the heuristically
generated bounding-box, they differ largely by their volumes. Recovering the
original bounding-box is challenging because the depth image only captured
the surface of the objects in the scene and the object is often partially observed
due to the camera pose and the field of view. Points outside of the object such
as those from the floor or wall can make the prediction more difficult.

We propose a model that consists of a 2D visual grounding model and a
3D bounding-box regression model. The 2D visual grounding model takes
the RGB image and the language description to produce a 2D bounding-box
in the image space. We fine-tuned OFA (Wang et al., 2022a) to the SUNRefer
(Liu et al., 2021a) dataset. Once the 2D bounding-box is predicted, the RGBD
images cropped by the bounding-box are transformed into a pointcloud. Then
the 3D bounding-box regression model takes the pointcloud to regress a 3D
bounding-box, the final output of the model. From the decomposition, we
can leverage the vision-language model pre-trained with various datasets
for better referring accuracy, track the source of error, and use existing 3D
detection models without considering the language grounding part. The
proposed model achieved state-of-the-art accuracy on the dataset.
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Figure 5.4: Example image with the ground-truth 2D bounding-boxes.
The figure shows an example RGB image with visualized ground-truth 2D
bounding-boxes. The leftmost dresser is the target object described in language.

5.2 Related Work

5.2.1 Vision-Language Models

In recent years, transformer-based models (Vaswani et al., 2017) has been
extensively proposed in various tasks, especially after the BERT model (Devlin
et al., 2018). While BERT was proposed for natural language processing (NLP)
tasks, the paradigm of fine-tuning to the downstream tasks from a pre-trained
large model has been applied to different domains including multi-modal
tasks such as VQA, Image Captioning, Image Retrieval, or Visual Reasoning
(Young et al., 2014; Johnson et al., 2017; Yu et al., 2016; Antol et al., 2015). In
addition, unifying a single architecture for multiple vision, language, and
vision-language tasks at once has been proposed (Li et al., 2019b; Lu et al.,
2019; Su et al., 2019; Chen et al., 2020c; Wang et al., 2021; 2022a; Lu et al.,
2022a). From shared tasks and datasets, larger models can be trained and they
generalize well. In the proposed method, we use a pre-trained vision-language
model for the 2D visual grounding task as a solution for the sub-task of our
problem.



84 CHAPTER 5. RGBD-REFER

Figure 5.5: Visualization of 3D bounding-boxes and a cropped pointcloud
from 2D bounding-box. The figure visualizes 3D ground-truth bounding-
boxes from the same scene in Figure 5.4. The green box is indicating the
target object ground-truth bounding-box while red boxes are the ground-truth
bounding-boxes of other objects. Pointcloud is generated from an RGBD image
pair and the 2D bounding-box of the target object is clustered and rendered
with different colors. A cyan box is a minimal 3D bounding-box to the largest
cluster for visualization purposes. As the depth image only represents the
surface of objects, heuristically generated bounding-boxes cannot restore the
original volume of the desired bounding-box. Points outside of the actual
object area can also make a heuristic procedure challenging to apply.

5.2.2 3D Detection Models

The proposed method needs the ability to lift the RGBD images from a
2D bounding-box to a 3D bounding-box. During the process, the RGBD
images are transformed into 6D pointclouds. For pointcloud classification and
segmentation tasks, (Qi et al., 2017) has been extensively used as a fundamental
backbone along with various approaches using graph models, convolutions,
and transformers (Li et al., 2019a; Xu et al., 2021; Wang et al., 2019; Ma et al.,
2022; Zhao et al., 2021; Qian et al., 2022). Datasets such as (Song et al., 2015; Dai
et al., 2017) are collected from indoor scenes and propose 3D detection tasks.
From the 3D pointcloud of a whole scene, the task is to propose multiple 3D
bounding-boxes with corresponding class labels similar to object detection in
2D. For the detection task, multiple approaches have been proposed based on
various architectures including transformers, sparse convolutions (Wang et al.,
2022b; Ran et al., 2022; Vu et al., 2022; Liu et al., 2022; Rukhovich et al., 2021;
Liu et al., 2021b; Misra et al., 2021; Graham et al., 2018; Vaswani et al., 2017).
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In our model, we use pointmlp and FCAF3D (Ma et al., 2022; Rukhovich et al.,
2021) for estimating a 3D bounding-box from the given pointcloud. Note that
our model does not depend on a specific selection of sub-models thanks to its
modularity.

5.2.3 Refer-it-in-RGBD

(Liu et al., 2021a) proposed the SUNRefer dataset and a model for visual
grounding in RGBD. The proposed model has two stages: voxel-level matching
for coarse localization and object-level matching for fine grounding. The first
part of the model computes a heatmap in the voxel space to localize the
relevant area to the language description. They used U-net with sparse
convolution (Choy et al., 2019) with skip connections to generate a heatmap
on voxels and concatenate language features from (Pennington et al., 2014) to
the encoded voxel feature before the decoder. Then 𝑀 seeds are sampled with
a variant of farthest point sampling that uses heatmap values of the voxels
to “ensure that a point with a higher heat value will have a higher chance to
be chosen.” After this step, the model has seeds that are sampled around the
highly relevant regions to the referred object. The second part of the model
employs PointNet++ (Qi et al., 2017) to aggregate features from 𝑀 seeds and
voting mechanism (Qi et al., 2019) to create 𝐾 clusters of features and they are
finally used to produce bounding-box proposals and corresponding scores.
While they proposed two staged approaches, both modules are trained from
scratch solely by the given dataset. As the fundamental detection process
is done by the second module, we may not take the advantage of having
interpretable representations such as a heatmap. A heatmap helps better
initialization of seeds for voting, but not clear as it is a continuous distribution
over voxels and it does not provide an analytic advantage of the detection
process. On the other hand, our approach has a distinction between language
grounding and detection processes which can benefit the understanding of
the bottleneck. Furthermore, each module can leverage extra sources of data
such as vision-language datasets or 3D detection datasets.
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5.3 Problem Statement and Proposed Method

5.3.1 Problem Statement

SUNRefer is a dataset for visual grounding in RGBD images, proposed in
(Liu et al., 2021a) based on SUNRGBD dataset (Song et al., 2015). From each
RGBD image pair, one target object is selected and five language descriptions
that identify the target object are provided. In total, 3989 image pairs are
annotated along with 19945 language descriptions. The dataset provides
class labels for the referred target objects and they are fine-grained. The total
number of classes used in the dataset is 295 and 234 classes were used in
the test dataset. SUNRGBD dataset (Song et al., 2015) provides 2D and 3D
bounding-box annotations of objects in RGBD image pairs but not all of the
objects are annotated or has corresponding bounding-boxes from 2D to 3D
or vice versa. Given a pair of RGBD image and a language description, the
task is to propose a 3D bounding-box of the referred object. It is similar to
the task of ReferIt3D (Achlioptas et al., 2020) but it additionally requires 3D
bounding-box proposal where ReferIt3D provided bounding-boxes as input.

5.3.2 Proposed Method

We propose a model for visual grounding in RGBD images consisting of two
modules: a 2D visual grounding model and a 3D bounding-box regression
model. Figure 5.1 shows the overview of the proposed model. First, a 2D
visual grounding model takes an RGB image and the corresponding language
description to estimate a 2D bounding-box of the referred object. From the
figure, a yellow box on the image represents the predicted object state. We
employ (Wang et al., 2022a) as the 2D visual grounding model and fine-tune
the model with the dataset of interest. Then the RGBD images are cropped
by the predicted 2D bounding-box and transformed into a pointcloud. In
the figure, the first image in the bottom row shows the pointcloud generated
from the cropped images. As seen in the image, even with a near-perfect 2D
bounding-box, it is inevitable that the pointcloud contains points from outside
of the target object. At last, the 3D bounding-box regression model takes the
pointcloud to predict a 3D bounding-box. Note that the regression model
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does not take the language description as input; standard 3D detection models
can be used as the 3D bounding-box regression model. We choose FCAF3D
(Rukhovich et al., 2021) pre-trained with SUNRGBD (Song et al., 2015) as the
3D bounding-box regression model.

Combining Multiple Regression Models

The modular architecture of the proposed model allows trying different 3D
bounding-box models without re-training of the whole model. Unfortunately,
3D detection models are often trained on a few standard datasets with a
limited number of class labels. For instance, (Dai et al., 2017) has 18 classes
for the detection task while (Song et al., 2015) has 10 classes for the same task.
Only eight classes (‘bed’, ‘table’, ‘sofa’, ‘chair’, ‘toilet’,

‘desk’, ‘bookshelf’, ‘bathtub’) are shared among two sets of classes.
Meanwhile, SUNRefer dataset (Liu et al., 2021a) uses 295 classes in language
descriptions in total (234 classes in the test dataset.) About 37.8 % of the
instances in the test dataset do not belong to the 20 detection classes combined
from (Dai et al., 2017) and (Song et al., 2015) and 43.0 % of the test instances
are outside of the 10 detection classes of SUNRGBD (Song et al., 2015).

As training a 3D detection model with a few hundred class labels on a
small dataset is not feasible, we take an alternative approach. We trained
another 3D bounding-box regression model based on (Ma et al., 2022). A new
model is class-agnostic; it only regresses a 3D bounding-box without taking
or predicting class labels. We use the second model for the instances outside
of SUNRGBD detection classes. Instead of using a single 3D detection model
as a 3D bounding-box regression model, we keep two different models based
on the target class labels. Additionally, we train a binary target classification
model using (Sanh et al., 2019). The language description determines whether
the instance belongs to SUNRGBD detection classes or not. This works as
a switch to 3D bounding-box regression models and achieves more than 96
% accuracy. Figure 5.6 shows a revised architecture with hybrid regression
models.

We modified the original pointmlp (Ma et al., 2022) to regress 6-dimensional
output for axis-aligned 3D bounding-box. The model computes 25 % and 75
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% percentiles of each dimension from the points to get an initial estimation
of the bounding-box. Then it scales and translates the initial estimate to get
the finalized bounding-box. For training, we use three loss terms for center
(𝐿𝑐𝑒𝑛𝑡𝑒𝑟), size (𝐿𝑠𝑖𝑧𝑒), and generalized IoU (𝐿𝑔𝐼𝑜𝑈 ) (Rezatofighi et al., 2019). Size
and center vectors are penalized by smooth L1 loss. Generalized IoU provides
a training signal even when two bounding-boxes are not overlapping each
other. The overall loss 𝐿 can be expressed as 𝐿𝑐𝑒𝑛𝑡𝑒𝑟 + 𝐿𝑠𝑖𝑧𝑒 + 𝜆𝐿𝑔𝐼𝑜𝑈 and we
set 𝜆 = 0.1.

Figure 5.6: Overview of the proposed model with hybrid regression models.
A binary target classification model is determining whether the instance
belongs to the SUNRGBD (Song et al., 2015) detection classes or not. Based on
the classification, the 3D bounding-box is predicted either by a pre-trained
3D detection model (Rukhovich et al., 2021) or a 3D bounding-box regression
model (Ma et al., 2022). A dotted line represents a conditional signal that
switches the flow for 3D bounding-box regression.

5.4 Experiments

5.4.1 Evaluation on SUNRefer

We evaluated the proposed method with various 3D regression models on
SUNRefer dataset (Liu et al., 2021a). Refer-it-in-RGBD, the model from the
original paper was used as a baseline. We tested four regression models:
heuristics, pointmlp (Ma et al., 2022), FCAF3D (Rukhovich et al., 2021), and
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the hybrid approach of combining pointmlp and FCAF3D based on the binary
target classification. The heuristics model creates clusters from the pointcloud
by DBSCAN (Ester et al., 1996), removes outlier clusters determined by the
size of the clusters, and computes the minimum bounding-box of the inlier
points. For FCAF3D (Rukhovich et al., 2021), we utilize all the proposed boxes
and scores to determine the final 3D bounding-box. We compute the score
𝑆 = 𝑅𝐶/𝑉1/3 of each proposal from its confidence 𝐶, inlier point ratio 𝑅, and
the volume of the bounding-box 𝑉 . Then we choose the bounding-box with
the largest score to be the final output.

Method acc@0.25 acc@0.5

Refer-it-in-RGBD (Liu et al., 2021a) 49.6 % 35.9 %
Ours with Heuristics 53.2 % 21.9 %
Ours with Pointmlp (Ma et al., 2022) 60.9 % 32.3 %
Ours with FCAF3D (Rukhovich et al., 2021) 49.2 % 35.4 %
Ours with Hybrid 58.6 % 39.0 %

Table 5.1: Accuracy on SUNRefer (Liu et al., 2021a). Our model with the
hybrid regression model outperformed the reported accuracies from (Liu et al.,
2021a) by 10.0 % (acc@0.25) and 3.1 % (acc@0.50). The best and the second best
numbers are highlighted and underlined, respectively. Note that the proposed
model with FCAF3D (Rukhovich et al., 2021) as a regression model achieved
comparable accuracies to the Refer-it-in-RGBD (Liu et al., 2021a) without extra
steps for visual grounding.

For training of pointmlp (Ma et al., 2022), we used AdamW optimizer
(Loshchilov and Hutter, 2017), learning rate 0.003, weight decay 0.01, embed-
ding dimension 192, epochs 80, number of point samples 1000. For FCAF3D
(Rukhovich et al., 2021), we used the pre-trained model on SUNRGBD (Song
et al., 2015) provided by the authors.

Table 5.1 shows the accuracy of the proposed model with different 3D
regression models and the model proposed in Refer-it-in-RGBD (Liu et al.,
2021a). We follow the evaluation metric of accuracy values with thresholds
of 0.25 and 0.50 intersection over union (IoU). In terms of accuracy with
IoU threshold of 0.25, acc@0.25, our methods show higher values than the
accuracy that was reported from Refer-it-in-RGBD (Liu et al., 2021a). However,
when we compare acc@0.50, only the hybrid approach showed a higher value
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than the reported accuracy. The proposed model with the heuristics-based
regression shows poor acc@0.5 and it shows that it is hard to reliably estimate
the complete bounding-box from the observation. Note that the proposed
model with FCAF3D (Rukhovich et al., 2021) shows comparable accuracy
values to the originally reported numbers while the only training part for the
model was fine-tuning of the 2D visual grounding model.

5.4.2 Qualitative analysis

Figure 5.7 shows the pointcloud of an example scene and Figure 5.8 and
Figure 5.9 show the predicted bounding-boxes with the whole pointcloud
and the partial pointcloud cropped by the 2D bounding-box prediction result
respectively. The green cuboids represent the ground-truth bounding-box and
the blue cuboids represent the predicted bounding-boxes from the proposed
model. While Figure 5.9a shows a successful example of the 3D bounding-box
prediction, Figure 5.9b illustrates a failure case due to incorrect 2D bounding-
box prediction. Note that the 3D bounding-box prediction is done from
the cropped pointcloud and the pointcloud in Figure 5.8 is rendered only
for visualization. For the example scene, four out of five utterances were
succeeded in prediction with the threshold IoU of 0.5 and the failure case
was instructed by the utterance: “under the round table, there is a chair with
yellow plastic on the top and a metal bracket on the bottom.”

Figure 5.10 illustrates a failure case where the 2D bounding-box prediction
is correct but the 3D bounding-box prediction model fails to produce the
bounding-box that represents the whole dresser from the partial observation.
Figure 5.11 shows a successful example where both 2D and 3D bounding-box
predictions are correct.

5.4.3 Evaluation with Ground-Truth 2D Bounding-Boxes

We investigate the effect of 3D bounding-box regression model by replacing
the predicted 2D bounding-boxes with the ground-truth 2D bounding-boxes.
Table 5.2 shows the accuracy values for variations of the proposed model.
For the hybrid approach, the gain of the acc@0.25 and acc@0.50 from the 2D
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Figure 5.7: A pointcloud of an example scene.

(a) An example of successfully predicted
bounding-box. The pointcloud is ren-
dered for visualization.

(b) An example of failed prediction of
bounding-box. The pointcloud is ren-
dered for visualization.

Figure 5.8: Examples of bounding-box predictions. The pointcloud is
rendered for visualization.
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(a) An example of successfully predicted
bounding-box with the cropped point-
cloud.

(b) An example of failed prediction of
bounding-box from incorrectly cropped
pointcloud.

Figure 5.9: Examples of bounding-box predictions with cropped pointclouds.
While Figure 5.9a shows a successful example of prediction, Figure 5.9b fails
due to a failure in 2D bounding-box prediction.

(a) An example of predicted bounding-
box with the whole pointcloud.

(b) An example of predicted bounding-
box from the cropped pointcloud.

Figure 5.10: A bounding-box prediction example with a small IoU. The 2D
bounding-box prediction result correctly cropped the target object area as seen
in Figure 5.10b but the 3D bounding-box prediction model failed to estimate
the full-sized dresser from partial observation.
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(a) An example of predicted bounding-
box with the whole pointcloud.

(b) An example of predicted bounding-
box from the cropped pointcloud.

Figure 5.11: A successful bounding-box prediction example. Both 2D and
3D bounding-box prediction results are correct.

bounding-box replacement was 13.7 % and 8 %. The highest acc@0.50 with
ground-truth 2D bounding-boxes is 47 % achieved by the hybrid model. Due
to the limitation of the 3D regression model, more than half of the instances
failed in prediction with 0.5 IoU. A perfect 2D visual grounding contributes
17 % of the accuracy with the current 3D regression model.

Method acc@0.25 acc@0.5

Refer-it-in-RGBD (Liu et al., 2021a) 49.6 % 35.9 %
Ours with Pointmlp (Ma et al., 2022) 60.9 % 32.3 %
Ours with Pointmlp (Ma et al., 2022) + 2D ground-truth 82.2 % 44.3 %
Ours with FCAF3D (Rukhovich et al., 2021) 49.2 % 35.4 %
Ours with FCAF3D (Rukhovich et al., 2021) + 2D ground-truth 55.8 % 39.6 %
Ours with Hybrid 58.6 % 39.0 %
Ours with Hybrid + 2D ground-truth 72.3 % 47.0 %

Table 5.2: Accuracy of models with and without ground-truth information
on SUNRefer (Liu et al., 2021a). We replaced predicted 2D bounding-boxes
with ground-truth information and computed accuracies. This eliminates
the visual grounding error from the overall accuracy and measures the
performance of 3D regression. Even with a perfect visual grounding in 2D
images, our model still suffered from accurately estimating 3D bounding-boxes
from pointclouds (up to the accuracy of 47.0 %.)
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5.4.4 Analysis of 2D Visual Grounding Model Accuracy

The 2D visual grounding accuracy from OFA (Wang et al., 2022a) is shown in
Table 5.3. We evaluated the model with and without fine-tuning. Even the
zero-shot model was able to achieve around 70 % acc@0.25 and the predictions
are stable as the difference between acc@0.25 and acc@0.5 from the models
were 6.3 % and 4.4 % (without and with fine-tuning). The difference between
acc@0.25 and acc@0.5 from the proposed model in Table 5.1 is 19.6 % which
is 4.5 times larger than the same value from the 2D visual grounding task in
the same dataset. Smaller accuracy difference between two IoU thresholds
implies that the 2D visual grounding model localizes the target object well
with the high IoU and it may imply that the main cause of the error can be
identifying the correct object. In a realistic scenario of visual grounding with
continuous observations and actions, it can be a useful property; once the 2D
visual grounding is valid, we can keep track of the referred object from the
image stream and reconstruct the object in 3D while actively exploring the
unobserved part of the object.

Method acc@0.25 acc@0.5

OFA (Wang et al., 2022a) zero-shot 69.6 % 63.3 %
OFA (Wang et al., 2022a) fine-tuned 77.0 % 72.6 %

Table 5.3: Accuracy of 2D visual grounding with (Wang et al., 2022a). We
compare the accuracies of the 2D visual grounding model with and without
fine-tuning. The fine-tuned model achieved better accuracy values (+7.4 %
acc@0.25, +9.3 % acc@0.5) than those from the pre-trained model.

Figure 5.12 (a) illustrates accuracy of the 2D visual grounding model with
respect to the number of objects in the image and Figure 5.12 (b) shows the
proportions of the number of objects in the dataset. Note that about 50 %
of the dataset contains only one target object in the scene and the 2D visual
grounding can be considered as detection in this scenario. Also, more than
20 % of the dataset contains two target objects in images. For those single or
double target object cases, the 2D visual grounding model achieves relatively
high accuracy according to Figure 5.12 (a). Therefore, while increasing the
overall accuracy in 2D visual grounding, the model may need to focus on
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(a) Accuracy with respect to the number
of target objects in the image.

(b) Proportion of the number of target
objects from the dataset.

Figure 5.12: Statistics on the number of target objects in the image. Values
on the x-axis show the number of target objects in the image. The graph in
Figure 5.12 (a) shows the 2D visual grounding model accuracy values with
respect to the number of target objects in images. The graph in Figure 5.12 (b)
shows the proportion of the images with different numbers of target objects in
the dataset.

multi-object cases where the number of target objects in the image is three or
more.

Figure 5.13 show some example results on the image with multiple target
objects. In the example image, there are four sofas on the left wall of the
corridor. While the model successfully identified the left-most sofa, it failed
to identify the right-most sofa. However, with another language expression,
“far away,” the model succeeded to identify the same object. We suspect that
the model prefers certain forms of language expressions and they may have a
higher chance to be correct. Additionally, the model may not recognize all
the objects even though each looks the same. In this scenario, many language
expressions relying on counting or anchoring multiple objects such as in
between will fail. Providing structure to leverage the similarity between
objects for multiple object scenes can be an interesting extension.

5.4.5 Analysis of 3D Bounding-Box Regression Model Accuracy in
and out of Detection Classes

As shown in Table 5.1, The hybrid 3D bounding-box regression model achieved
the best accuracy by taking the best of the both models, pointmlp (Ma et al.,
2022) and FCAF3D (Rukhovich et al., 2021). For analysis of the accuracy,



96 CHAPTER 5. RGBD-REFER

(a) Example with “A red
sofa left most.”

(b) Example with “A red
sofa right most.”

(c) Example with “A red
sofa far away.”

Figure 5.13: Examples of 2D visual grounding results with multiple object
in the image: (a) correctly identified the referred object, (b) failed to refer
to the right most sofa as intended, (c) successfully detected the sofa from a
different language expression.

we divide the dataset into two sets, in-class and out-class, based on the
membership of the target class in the 10 classes for 3D detection on SUNRGBD
dataset (Song et al., 2015) and evaluate the models on both subsets of the
dataset. Table 5.4 shows accuracy values of 3D bounding-box regression
models from two subsets of the dataset. We evaluated pointmlp (Ma et al.,
2022), FCAF3D (Rukhovich et al., 2021), and FCAF3D pre-trained with ScanNet
(Dai et al., 2017).
Method Class acc@0.25 acc@0.5

Ours with Pointmlp (Ma et al., 2022) Overall 60.9 % 32.3 %
Ours with Pointmlp (Ma et al., 2022) In-class 62.7 % 37.1 %
Ours with Pointmlp (Ma et al., 2022) Out-class 58.2 % 24.9 %
Ours with FCAF3D (Rukhovich et al., 2021) Overall 49.2 % 35.4 %
Ours with FCAF3D (Rukhovich et al., 2021) In-class 58.9 % 48.2 %
Ours with FCAF3D (Rukhovich et al., 2021) Out-class 34.4 % 15.9 %
Ours with FCAF3D (Rukhovich et al., 2021), ScanNet (Dai et al., 2017) Out-class 42.7 % 19.1 %
Ours with Hybrid (FCAF3D + Pointmlp) Overall 58.6 % 39.0 %
Ours with Hybrid (FCAF3D + FCAF3D on ScanNet) Overall 52.5 % 36.7 %

Table 5.4: Accuracy of 3D bounding-box regressions models on in-class and
out-class subsets of the dataset.

The pointmlp model was trained in a class-agnostic way while FCAF3D
has classification loss and head. As a consequence, the acc@0.5 value of
pointmlp in the out-class dataset (24.9 %) is relatively higher than that of
FCAF3D (15.9 %). Note that the model with the same architecture but trained
on ScanNet (Dai et al., 2017) with 18 classes shows better performance than
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the FCAF3D model trained on SUNRGBD (Song et al., 2015) when we evaluate
them on out-class subset of the dataset: (42.7 % vs. 34.4 %), (19.1 % vs. 15.9
%). Though their class labels share 8 classes, the model trained on ScanNet
was explicitly trained with 10 extra classes and it might help the model have
better performance on the out-class evaluation.

We found that the combination of the pre-trained detection models (from
the last row of Table 5.4) can achieve a better accuracy than the reported
numbers from Refer-it-in-RGBD (Liu et al., 2021a), it shows a necessity of
general 3D detection models that can cover much larger sets of classes or
support. In 2D detection, open world detection, large-vocabulary detection,
or class-agnostic detection has been explored (Maaz et al., 2022; Joseph et al.,
2021; Gupta et al., 2019) and we believe that open-vocabulary 3D detection or
relevant tasks are of importance (Lu et al., 2022b).

5.5 Conclusion

We propose a framework for visual grounding in RGBD images by composing
two sub-models: a 2D visual grounding model and a 3D bounding-box
regression model. We employed a large, pre-trained vision-language model
(Wang et al., 2022a) as a 2D visual grounding model to leverage the benefit
of accessing web-scale image and language datasets. For the 3D bounding-
box regression model, we combined a pre-trained 3D detection model on
SUNRGBD (Rukhovich et al., 2021; Song et al., 2015) and a PointNet++-based
model (Ma et al., 2022) as a class-agnostic bounding-box regressor to deal
with long tail distribution of the referred object classes. Our method achieved
the state-of-the-art result on the SUNRefer dataset (Liu et al., 2021a). It also
produces interpretable 2D visual grounding results that provide analysis of
the prediction error.





Chapter 6

Discussion

In this dissertation, we explore multiple tasks and methods for interactions in
robotics applications. Throughout the models, we keep the framework that
is composed of sub-models and produces interpretable intermediate results
either useful in the error analysis or understanding the behavior of the model.
We focus on two areas of applications: interactions in driving and visual
grounding for robot navigation.

6.1 Summary

From various interactions that can occur in robotics applications, we first
focus on the driving scenario specifically autonomous vehicles. Two models
proposed for autonomous vehicles contribute to tasks involving different
forms of interactions and are able to translate high-level goals into a sequence
of controls.

In Chapter 2, we propose a model for the task of trajectory prediction,
an essential problem of interaction between agents in the scene. The model
divides the task into two sub-tasks by introducing a mode that describes the
interaction from trajectories in an abstract and topologically invariant way.
Mode values succinctly describe the interaction by the destination and the
order of crossings between agents in the intersection. Our model predicts
modes from trajectories as essential information of interaction and then future

99
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trajectories that are consistent with the modes are predicted. Modes play a
crucial role in reducing the complexity of the task and providing explainable
clues for the outcome. In addition, mode prediction can be directly applied to
navigation tasks since a single mode for the scene describes a particular form
of interaction.

In Chapter 3, we focus on another type of interaction for autonomous
driving, instruction following. It provides an efficient way of controlling a
vehicle by language commands while the previous approach asked humans
for decision-making and real-time control in discrete action space. The model
introduces a hierarchy of sub-models to reduce the complexity of the task.
The high-level sub-model translates the language command into a sequence of
sub-tasks and the low-level sub-model executes actions in order to complete
the sub-task. It produces a sequence of sub-tasks as an explainable result
and it is robust to invalid or interrupting language commands thanks to the
hierarchical structure.

For the second part, two models are proposed for the task of visual
grounding for robot navigation. Object-oriented navigation is essential for
many indoor robotics applications and visual grounding in indoor scenes is
one interesting topic for navigation.

In Chapter 4, we propose a model for visual grounding in 3D and evaluate
it on ReferIt3D dataset (Achlioptas et al., 2020). In a fully observed 3D scene
with bounding-boxes and given a language description of an object in the
scene, the model has to identify the referred object. We extend the pre-trained
language model by augmenting spatial information of bounding-boxes, and
the model becomes able to translate spatial relationships from language to
geometry. In addition, we employ a 3D pointcloud classification model to
predict class labels from bounding-boxes. This transforms a noisy pointcloud
from a bounding-box into abstract information of class labels and 6D spatial
vector and it makes the framework modular. The model achieves comparable
accuracy to state-of-the-art models and provides an analysis of the error.

In Chapter 5, we further investigate the task of visual grounding in
RGBD images. Visual grounding in 3D pointcloud has limitations that may
not be suitable for real-time robot navigation. It does not provide a valid
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viewpoint while the view-dependent utterance is given and relies on low-
quality 3D reconstruction. Visual grounding in RGBD images does not have
those limitations which can be useful for practice. We propose a model that
combines a 2D visual grounding model and a 3D bounding-box regression
model. The 2D bounding-box from the 2D visual grounding model provides a
tool to localize the source of the error and a way of leveraging recent advances
in large, pre-trained vision-language models. It reduces the complexity of the
later stage; the active volume of the poincloud is restricted by the predicted 2D
bounding-box. The 3D bounding-box regression model takes the pointcloud
and predicts a 3D bounding-box. By separating from 2D visual grounding,
either a 3D detection model or a pointcloud classification model without
language can be used. Our model achieves the state-of-the-art result on the
SUNRefer dataset (Liu et al., 2021a).

6.2 Future Directions

Although the proposed models have shown progress in various tasks with
interactions, they are still far from the level that can be useful to our lives.
Research focusing on a few directions may accelerate the realization of interac-
tions in robotics applications.

6.2.1 General Description of Pairwise Interaction

Although the proposed models have shown progress in various tasks with
interactions, they are still far from the level that can be useful to our lives.
Research focusing on a few directions may accelerate the realization of interac-
tions in robotics applications. In Chapter 2, we propose a winding number that
describes a relative rotation of a pair of agents and use it as a description of the
order of crossing at an unsignalized intersection. We only utilize the sign of
the winding number since the order of crossing can be described in a discrete
form. The magnitude of the winding number may represent the geometry
of the trajectory. However, we were not able to find an interpretation of the
magnitude of the winding number. In addition, scenarios such as lane changes
may not cause negation of the sign of the winding number. Developing a
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generalized topologically invariant representation can be applicable to wider
applications. It can also be used as an auxiliary loss to existing trajectory
prediction models; it can guide the model to focus on embedding the key
abstract information of the scene-level interaction.

6.2.2 Bounding-Box-Level Augmentation for 3D Visual Grounding

LanguageRefer decomposes the classification part from the visual grounding
and leverages the learned embedding space of the pre-trained language model
with augmented spatial information for grounding. It enables various ablation
studies such as replacing the predicted class labels with ground-truth class
labels to get rid of the perception error from the model. From the abstracted
input to the model, we may use low-cost data augmentation for 3D visual
grounding. Recently, (Deitke et al., 2022) proposed a procedural creation of
indoor scenes for multiple embodied AI tasks. Larger models can be used as a
large set of randomly created scenes are provided and achieved state-of-the-art
performance in various tasks. We may randomly alter the bounding-boxes
or create bounding-boxes in the scene unless it harms the validity of the
utterance.

6.2.3 Open-Vocabulary Object Detection in 3D

As discussed in Chapter 5, we suspect that the bottleneck of the model comes
from the 3D bounding-box regression. Open-vocabulary or class-agnostic
object detection in images has been actively studied but not much effort
has been found in 3D. Although we lack a large collection of 3D datasets
in comparison to 2D image datasets, we can still use 2D images and image
features to shape the 3D feature space (Yang et al., 2021; Lu et al., 2022b). Also,
models that can handle or predict depth images have been proposed recently
(Girdhar et al., 2022; Lu et al., 2022a). We may see the model integrates 3D
detection among vision-language tasks as vision-language models have been
extended from language models.
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6.2.4 Detection and Visual Grounding from RGBD Videos

In the direction of realistic robot navigation, it is natural to think of a visual
grounding model from RGBD videos. We found that the prediction results of
the 2D visual grounding model were stable in terms of IoU. However, even
with the ground-truth 2D bounding-box of the referred object, we could not
achieve 50 % accuracy with the threshold IoU of 0.5. While open-vocabulary
3D object detection may alleviate the issue, we may integrate the information
from sequences to get a better estimate of the 3D bounding-box. If possible,
we may end up integrating grounding into the 3D reconstruction pipeline.

6.2.5 Final Thoughts

In this thesis, we have presented a few methods for improving interactions in
driving and indoor navigation. However, those tasks are preliminary steps
toward the practical, complicated tasks and we have a long way to the end
goal of general, interactive agents. Meanwhile, we are excited to witness rapid
advances in deep learning and it will be interesting to see how these methods
change the abilities of robots including the topics and methods of our work.
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Appendix A

Additional Materials for
Multimodal Trajectory
Prediction via Topological
Invariance for Navigation at
Uncontrolled Intersections

A.1 Cost functions definition

We now provide the formulation for individual cost functions used in Eq. 2.4:

Smoothness cost: 𝐽𝑠𝑚(X) =
𝑇−1∑
𝑡=0

𝛾𝑡 | |𝑣𝑡+1 − 𝑣𝑡 | |,

Cross-track error: 𝐽𝑟𝑒 𝑓 (X) = 𝑑𝑖𝑠𝑡(𝜏𝑡 , 𝑋 𝑡) ∗ 𝑠𝑖𝑛(𝜓𝜏𝑡 − 𝜓𝑋 𝑡 ),

Collision cost: 𝐽𝑐𝑜𝑙(X) =
𝑇∑
𝑡=0

𝛾𝑡𝑐𝑡(𝑋 𝑡), where 𝑐𝑡(𝑋 𝑡) =


0 if 𝐷𝑖(𝑋 𝑡) ≥ 𝑑𝑚𝑖𝑛
1 else

,

Likelihood cost: 𝐽𝑝(X) = 1
𝑝𝑚𝑖
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where 𝑣𝑡 is the velocity at timestep t. 𝑑𝑖𝑠𝑡(𝜏𝑡 , 𝑋 𝑡) is the euclidean distance
between agent position and reference waypoint at timestep t. 𝜓𝜏𝑡 is the heading
angle on reference waypoint and 𝜓𝑋 𝑡 is the heading angle of the agent, at
timestep t. 𝑝𝑚𝑖

is the likelihood for mode𝑚𝑖 . 𝐷𝑖 is a distance function and 𝑑𝑚𝑖𝑛
is the distance threshold for collision. To reduce the computational burden
of collision-checking, we use the circle-based collision checking method by
reducing the car footprint to a set of three circles covering the car volume.
Any object is thus in collision with the vehicle, if its distance from the center is
less than the specified threshold.

A.2 Implementation Details

In this section, we provide more details about the data generation pipeline,
the training process and the navigation experiments.

A.2.1 Data generation

We generated three different datasets using our custom simulator by varying
three simulation parameters: a) agents’ configurations (combinations of
starting locations and intended destinations); b) agents’ target speed; c) agents’
acceleration/deceleration.

• Two agents

– Number of configurations: 𝑁𝑑2 = 33 = 27 (taking all possible
configurations)

– Number of speeds: 𝑁𝑠2 = 72 (sampled from [2.8 − 12.5]m/s with
step size 1.4 m/s)

– Number of accelerations: 𝑁𝑎2 = 102 (sampled uniformly from
[1 − 5]) m/s

– Number of total episodes: 𝑁𝑒2 = 𝑁𝑑2 × 𝑁𝑠2 × 𝑁𝑎2 ≈ 132𝐾

• Three agents

– Number of configurations: 𝑁𝑑3 = 𝑁𝑑2 × 2 × 3 = 162
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– Number of speeds: 𝑁𝑠3 = 73 (sampled from [2.8 − 12.5]m/s, step
size 2.8 m/s)

– Number of accelerations: 𝑁𝑎3 = 53 (sampled uniformly from [1−5])
m/s

– Number of total episodes: 𝑁𝑒3 = 𝑁𝑑3 × 𝑁𝑠3 × 𝑁𝑎3 ≈ 1, 29𝑀

• Four agents

– Number of configurations: 𝑁𝑑4 = 34

– Number of speeds: 𝑁𝑠4 = 34 (sampled from [2.8 − 9.7] m/s, step
size 2.8 m/s)

– Number of accelerations: 𝑁𝑎4 = 34 (sampled uniformly from [1−5])
m/s

– Number of total episodes: 𝑁𝑒4 = 𝑁𝑑4 × 𝑁𝑠4 × 𝑁𝑎4 ≈ 531𝐾

The final datasets were extracted upon pruning out episodes including
collisions (see main paper for dataset sizes).

A.2.2 Training

Dataset split. We split the graph sequence g = 𝑔1:𝐻 into a sequence of history
graphs g𝑝 = 𝑔1:ℎ𝑝 and a sequence of target graphs g 𝑓 = 𝑔ℎ𝑝+1:𝐻 .

Trajectory-reconstruction model training. The trajectory-reconstruction
model takes a graph 𝑔𝑡 and a hidden graph 𝑔𝑡

ℎ
and predicts a graph at next

timestep 𝑔̂𝑡+1 along with an updated hidden graph 𝑔𝑡+1
ℎ

(see Fig. 2.4a). Training
procedure has two stages: reading history sequence and predicting future
sequence. In the first stage where 𝑡 < ℎ𝑝 , the model takes 𝑔𝑡 from the history
graphs g𝑝 and the output graph in this stage is discarded. Note that the hidden
graph remains updated to keep the information propagated through time.
In the second stage where 𝑡 ≥ ℎ𝑝 , the input graph is taken from the output
graph at the previous timestep 𝑡 − 1, 𝑔̂𝑡 . The output graphs are collected to
form the future trajectory. This process is repeated until the full predicted
graph sequence ĝ 𝑓 = 𝑔̂ℎ𝑝+1:𝐻 is produced. Loss is computed on ĝ 𝑓 and g 𝑓 by a
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Figure A.1: An example of the 4-agent scenario at an uncontrolled intersection
in CARLA

mean squared error function. In the training, we provide ground-truth mode
signals.

Mode-prediction model training. The mode-prediction model shares a
similar architecture (see Fig. 2.4b), with the difference that we provide the
ground-truth sequence of graphs g to the model and collect mode signals 𝑚̂𝑡

for 𝑡 ≥ ℎ𝑝 .

Hyperparameters. We trained the models considered (both MTP and MFP)
using PyTorch. For MTP, we set the following options – (Optimizer: Adam;
Learning rate: 1 × 10−3; Gradient clip: 1.0; Hidden unit size: 30. For
MFP, we made use of the official implementation (https://github.com/
apple/ml-multiple-futures-prediction) setting the following op-
tions – (Number of modes: 3; Subsampling: 2; Encoder size: 64; Decoder
size: 128; Neighbor encoding size: 8; Neighbor attention embedding size: 20;
Remove 𝑦 mean: False; Use forcing: classmate forcing).

https://github.com/apple/ml-multiple-futures-prediction
https://github.com/apple/ml-multiple-futures-prediction
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A.2.3 Experiment Setup in CARLA

The navigation experiments are conducted at an uncontrolled intersection
within the Town04 map of CARLA. For each experiment, agents are spawned
on a specified side of the intersection and headed towards a destination
waypoint corresponding to an intended direction (left, right, forward). At
the beginning, all the agents are controlled using the Autopilot provided by
CARLA. The ego agent controller switches to our method (MTPnav) or one of
the baselines when the ego-agent reaches a distance of 25m from the center of
the intersection, and switches back to Autopilot after crossing the intersection.
The weights used in the cost function (see main paper) are set to the following
values: 𝑤𝑠𝑚 = 50, 𝑤𝑟𝑒 𝑓 = 100, 𝑤𝑐𝑜𝑙 = 10000, 𝑤𝑝 = 1.





Appendix B

Additional Materials for
Conditional Driving from
Natural Language Instructions

B.1 Language Generation

To create the language dataset, we originally conducted a two-player game
with human subjects to collect speech signals of commands and corresponding
driving controls. In the game, two players are asked to collaboratively drive
a car to reach three randomly spawned goals. While one player drives a
car without knowing where the destination is, the other player reads a map
and gives direction to the driver. After transcribing the collected audio data,
we removed the sentences with actions that cannot be taken in the current
environment and removed expressions mentioning objects or structures. Then
we divide expressions into prefix, body, and suffix and cluster those expressions
to transform the sentence into templates. Finally, we generated sentences for
each combination of sub-tasks with the templates. In the implementation, we
used a keyword to represent each type of combination.

We counted the number of expressions in the raw dataset for each. Table
B.1 shows the number of sentences for each keyword. The keyword ‘other’
and ‘extra’ represents the sentences contain the actions that cannot be taken
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Keywords Sources
game templates

left 1,093 150
right 1,016 150
straight 1,199 454

left,left 3 269,550
left,right 20 135,000
left,straight 22 408,600
right,left 28 135,000
right,right 2 269,550
right,straight 14 408,600
straight,straight 1 85

first,left 9 102,150
first,right 4 102,150
second,left 97 105,450
second,right 89 105,450

other 913 N/A
extra 379 N/A

Table B.1: Number of sentences collected from the preliminary two-player
driving game (game) and the templates for training (templates). From the
game, we also classified sentences which are out of actions defined in the
environment we used in the training as other and sentences which do not
contain meaningful commands as extra.

in the current environment and the sentences that do not have any meaningful
commands, respectively. The total of the counted expressions is 4889 and
4600 sentences have single command ‘left’, ‘right’, ‘straight’, ‘other’,
‘extra’.

This high percentage of single command is due to the nature of the language
in the driving setting where the reactive instruction should be given within a
short amount of time. This shows that concentrating on instructive sentences
is a reasonable approach in the context of driving. Another point worth noting
on the dataset is that people make a lot of mistakes in commanding or driving.
Sometimes a commander repeats the same command until the driver finishes
that action or cancels previous actions by adding a new command. Manual
pruning was necessary to make the dataset feasible to train on. As a trade-off,
the distribution of sentences can be made more realistic than that coming from
pre-recorded driving trajectories.
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As a result of this dataset imbalance, we augment natural-language phrases
according to a couple of simple rules. For the sentences with two commands,
we concatenated expressions from a single keyword. The dictionary shows the
14 keywords we used in the paper and the corresponding number of sentences
is shown in Table B.1.

When we use these sentences in the training, we draw a sentence from
these lists with uniform distribution. For ordinary keywords, two groups of
lists were used: one from the direct combination of two sentences of single
keywords and the other one from the replacement of the keyword, such as
replacing ‘left’ with ‘second left’. In the training, for those with multiple
groups, the group is first drawn and then the sentence is drawn from the
group.

B.2 Language Examples

We show two examples of transcribed speech data from the preliminary
two-player game experiments. Note that certain types of behavior such as
going backward, reaching the target, and slowing down were excluded from
the training dataset.
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“oh there’s a map all right go straight", “and you’re going to turn right", “that’s
good keep going straight", “and take your first left", “and slow down", “all
right can you see the green square", “great", “okay so now you want to go
straight", “and you’ll take a left at the first building", “that’s good that’s good
keep going straight", “and take a left", “and take a right", “now straight", “and
take a left", “went a little too far so reverse and back it up", “all right you
doing good", “go a little bit forward", “yep there it is", “you got it", “okay so
now you’re going to want to turn around", “you’re going to back it up a little
bit", “looking good no collisions so far", “all right now you’ll take a right",
“yep", “now go straight", “now take a left", “take a right", “go straight as fast as
you can", “and you’ll take a left", “now right", “and the exit is right up here",
“congratulations".

“go straight", “slow down a little bit", “make a right turn", “it’s going to be a
narrow street so go straight", “and then you’re going to make a left turn when
you see the first", “go straight", “and make a left turn here", “make a left turn",
“and go straight", “and do you see the green spot", “park there", “okay", “go
straight", “turn left turn here", “and another left turn", “and you’re going to
make a right turn here", “and make another left turn", “go straight", “just go
straight", “and make another left turn", “left turn", “make another right turn
right turn", “go straight", “skip this", “and then make a left turn here left turn",
“left turn", “left", “and park there", “wait for me", “can you go back", “reverse",
“and then left turn", “go little more little more", “go back back", “back it out
a little more", “good job", “okay go straight", “to your left side to your left
side", “go straight", “keep going go straight", “pass the street intersection and
then go", “go straight", “yeah can you go little faster", “and then make a left
turn here", “okay try your best", “make a left turn", “left", “and you’re going
to make another right turn right turn here right right", “okay", “go straight
just keep going", “pass this", “okay slow down a little bit", “and you going to
make a left turn okay", “go straight", “and then make a left turn", “left here
and then left", “make a right turn right away", “right here right here", “and
then another right", “right slow down slow down", “okay go straight", “and
then the green will be on your left side left side", “cool we are done".

Table B.2: Language from two instances of the preliminary two-player driving
game.
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Model Language Type
Input Modality

rgb gs ps
train test train test train test

𝐻∅: hierarchical baseline

single 1.000 0.958 1.000 1.000 1.000 1.000
double 0.763 0.437 1.000 1.000 0.893 0.904

ordinal 0.813 0.490 0.969 0.906 0.938 0.813
all 0.858 0.621 0.996 0.986 0.939 0.923

𝐻𝑖 : 𝐻∅ with image

single 1.000 0.958 1.000 1.000 1.000 1.000
double 0.821 0.411 0.979 0.982 0.945 0.856

ordinal 0.674 0.344 1.000 1.000 1.000 0.813
all 0.867 0.586 0.990 0.991 0.973 0.898

𝐻𝑖ℎ (full model)

single 1.000 1.000 1.000 1.000 0.982 1.000
double 0.809 0.439 1.000 0.986 0.976 0.874

ordinal 0.813 0.333 1.000 0.938 1.000 0.938
all 0.880 0.613 1.000 0.970 0.982 0.926

Table B.3: Comparison of three different input modalities: ground-truth
segmentation gs, predicted segmentation ps, and raw color images rgb. The
highest values from all language type are highlighted. Models used in
ablation, 𝐻∅, 𝐻𝑖 and 𝐻𝑖ℎ , are described in Section 3.5.2.





Appendix C

Additional Materials for
LanguageRefer:
Spatial-Language Model for 3D
Visual Grounding

C.1 Examples of ReferIt3D Dataset

ReferIt3D (Achlioptas et al., 2020) proposed a 3D visual grounding task with
the dataset with referring language annotation on a 3D reconstructed indoor
scene dataset, ScanNet (Dai et al., 2017). Following the official splits of ScanNet
(Dai et al., 2017), ReferIt3D (Achlioptas et al., 2020) provided natural language
annotation of referring one of 76 target classes which is called Nr3D. It also
provides template-based referring language on spatial relationship, Sr3D.
Based on the datasets, it proposed the 3D visual grounding task. From a scene,
ground-truth bounding-boxes, corresponding pointclouds, and the language
description of the target object are given. The goal of the task is to choose one
bounding-box from candidates.

We visualized three example scenes (scene0011_00, scene0231_00, scene0141_00)
with bounding-boxes, utterances, and corresponding target bounding-boxes
in Figure C.1-C.3. Subfigures a show all bounding-boxes (red) in the example
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scenes. Bounding-boxes of selected target classes are highlighted in blue. For
instance, in Figure C.1 (b-c) two bounding-boxes of tables are in blue since
we choose table as the target class for visualization. Rest of figures (Figure
C.1 (b-c), C.2 (b-e), C.3 (b-d)) show the individual bounding-box of objects
(yellow) in the target classes. We add virtual robot paths for the application of
robot navigation. Red dots indicate the random starting positions and yellow
dots demonstrate paths to reach the target object. Each caption contains an
example utterance for the corresponding target object.

C.2 LanguageRefer at Inference

Figure C.4 shows the inference stage of the proposed method. At inference,
we followed the approach of InstanceRefer (Yuan et al., 2021) to filter out
objects that do not belong to the predicted target class. A target classifier
takes the language utterance as input and predicts the target class. Filtering
masks are generated by comparing the predicted target class to predicted class
labels from the semantic classifier. In order to reduce the chance of removing
the true target instance in the filtering process, top-𝑘 class predictions (from
the semantic classifier) for each object are compared to the predicted target
class (not shown in the figure). Filtering masks are applied to the output
embeddings of the spatial-language model to refine objects only related to the
predicted target class.

C.3 Qualitative Results of LanguageRefer

Figure C.5 shows the qualitative prediction result of LanguageRefer on the first
example scene (scene0011_00) with natural language utterances. In Figure C.5
(a) and (b), the model correctly chooses the target object given utterances in the
test dataset as well as the custom utterances such as “a smaller table.” Figure
C.5 (c) shows the failure case where the custom utterance “table without any
chairs around.” is given but the model selected another table at the center of
the room. Expressions such as without seem to be rare; our model correctly
predicts all referred tables from corresponding utterances in the dataset:
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“this is the large conference table with many chairs”, “the desk directly
below the board on the wall”, “the biggest table in room”, “the large table in
the middle of the room”, “the thin wooden table underneath the television
and immediately to the left of the trash can”, “smaller table against the wall”,
“select the long table in the middle of the room”, “choose the table that is
up against the wall”, “the long conference table in the middle of the room”,
“choose the table that sits against the wall”, “the largest table in the room”,
“select the table underneath the tv”, “a small table below the television on
the wall”, “the very big dining table in the center of the room.”

In Figure C.6, we asked the model to choose one of the three stacked boxes
with natural language utterances. The model failed to select the top box (in
yellow) and selected the box in the middle (in red) in Figure C.6 (a). When
we replace predicted class labels from PointNet++ (Qi et al., 2017) by the
ground-truth class labels, the model was able to choose the correct box on top
in C.6 (b). However, the attempts to select the box in the middle failed with
or without ground-truth class labels in Figure C.6 (c). Figure C.6 (d) shows
the successful reference of the bottom box by the model with predicted class
labels. Now the robot paths are visualized with the color of prediction; green
if correct, red otherwise.

We examined the predicted class labels of three boxes: microwave, box,
box (from top to bottom). This caused an incorrect reference of the top box:
0/7. After fixing the incorrect class label by the ground-truth class label, the
accuracy of the reference task of the top box got higher: 6/7. However, the
ground-truth class label did not improve the accuracy of the reference task
of the box in the middle: 0/6. The reference task of the bottom box was
6/6 before fixing the label. By providing ground-truth labels, we were able
to disentangle reference errors from perception errors. From the three-box
example, we found the model was not able to refer to the box in the middle of
the vertical stack.

In Figure C.7, we evaluated the accuracy of the reference task of kitchen
cabinets with natural language utterances. Figure C.7 (a) and (b) show
successful examples of reference. Figure C.7 (c) shows a failure case.

Note that the top-5 class predictions of the kitchen cabinets are noisy:
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• top-box: [‘cabinet’, ‘cabinets’, ‘kitchen cabinets’, ‘bathroom cabinet’,
‘kitchen cabinet’],

• middle-box: [‘cabinet’, ‘bathroom cabinet’, ‘cabinets’, ‘kitchen cabinet’,
‘kitchen cabinets’],

• bottom-box: [‘kitchen cabinets’, ‘cabinet’, ‘cabinets’, ‘kitchen cabinet’,
‘bathroom cabinet’].

It shows that our model is robust with subtle changes in class labels. Even
without a unified format of similar classes including plurals, our model was
able to accurately refer to the correct objects. We do not preprocess utterances
except for tokenization; preprocessing of language expressions or transforming
the utterance into a fixed form is not used (Feng et al., 2021).

C.4 Orientation Annotation for View-Dependent Utter-
ances

In addition to the proposed model, we have collected orientations of the
view-dependent utterances. View-dependent utterances without information
about the original viewpoint make the reference task challenging. For instance,
utterances such as "The door is wood with the handle on the left side." assume
specific orientations of the agent and it is impossible to recover the true
orientation without knowing the referred object, not like view-dependent
utterances with explicit view-point information such as "Facing the foot of the
bed." However, the original dataset of ReferIt3D (Achlioptas et al., 2020) does
not distinguish the utterances without orientation information from those
with orientation information. Therefore, we split the view-dependent (VD)
utterance category into two subcategories, VD-explicit and VD-implicit, where
VD-explicit has explicit view-point information in the utterance. Then we
collected orientations that make the utterances valid from human annotators.

We set four standard orientations assuming the agent is in the room
(around the center of the scene) and ask the annotators to select all of the
orientations that can be considered valid from the utterance. Figure 10 shows
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examples of four orientations. With the assumption of the agent being inside
of the room, we found that four orientations are good enough to recover
the original viewpoints of the speakers. In total, 12,680 view-dependent
utterances of the Nr3D dataset were annotated. From those, 5,942 utterances
are classified as VD-explicit. For train and test split, 10,206 and 2,474 utterances
were annotated.

We also provide a link to the orientation annotation webpage (Orientation
Annotation Webpage). It is recommended to use a computer or a laptop to
view the page. The first page shows the links to all the scenes for annotation.
If you click one scene, you can see the list of utterances with some flags. By
clicking a single utterance, all the bounding-boxes with highlighted target
bounding-boxes are rendered. A green bounding-box is the ground-truth
target and the red bounding-boxes are distractors that belong to the target
class but not the target object instance. Then press any number in {1, 2, 3,
4} on the keyboard. You can see the scene with the canonical orientation
of your selection. You can zoom in/out, translate, rotate with your mouse.
We collect annotations on utterances only with correct guesses from humans
and mention the target class. Figure C.8 shows examples of four standard
orientations and Figure C.9 shows the annotation interface.

Note that, in the process of ReferIt3D (Achlioptas et al., 2020) annotation,
the ground-truth target class and the distinguished bounding-boxes of the
target class are provided to the annotators. We also provide those information
to the annotators. However, in the actual task of ReferIt3D (Achlioptas et al.,
2020), the model does not have access to the target class and many other
bounding-boxes from other classes are given as you can see in Figure C.1 (a).
If some utterances are assuming the shared view or orientation of speakers,
the ambiguity can be easily resolved by human listeners since they have extra
information and they can manipulate orientation as well. However, the same
assumption can make the reference task even more challenging because the
model needs to verify some hypothetical orientations with uncertainty of
classes among multiple candidates.

http://52.10.86.56:8080/
http://52.10.86.56:8080/
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C.5 Ablation of Positional Encoding and DistilBert

In order to examine the effect of the spatial encoding (sinusoidal positional en-
coding function) (Vaswani et al., 2017) and the base language model (DistilBert
(Sanh et al., 2019)), we have trained ablations models.

In the first ablation model, we replaced the sinusoidal positional encoding
function with a linear layer to transform a 6-dimensional input vector of
bounding-box information to a 768-dimensional embedding vector. In the
second ablation model, we keep the spatial encoding to the positional encoding
function but replaced DistilBert (Sanh et al., 2019) with BERT (Devlin et al.,
2018).

The first ablation model of the positional encoding achieved 37.8 % accuracy
on Nr3D while our final model achieved 43.9 % on Nr3D. It shows that selection
of an effective spatial encoding scheme such as the sinusoidal is important.

The second ablation model with BERT as the base language model achieved
45.3 % accuracy on Nr3D which is slightly higher than the accuracy of the
model with DistilBert (Sanh et al., 2019) (43.9 %). However, when it was trained
on Sr3D, it only achieved 49.3 % while the original model achieved 56.0 %. We
observed instability in training with the BERT (Devlin et al., 2018) model. We
also observed that the successfully trained model on Nr3D converged faster
than the DistilBert-based model. During the training, the total loss of the
model on Sr3D surged in the middle and did not recover. While these are
some observations during our ablation, the second study with BERT (Devlin
et al., 2018) model is inconclusive. We chose DistilBert-based model in our
framework is because it is lightweight and easy to train. Our goal is to develop
a modular approach that can be easily modified based on the advancements
in the area of learning embeddings, especially in NLP and computer vision.
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(a) Two bounding-boxes of
tables are shown in blue
while the bounding-boxes
of other classes in red.

(b) A Yellow bounding-box
shows the ground-truth
bounding-box with the ut-
terance of “this is the large
conference table with many
chairs..”

(c) A Yellow bounding-box
shows the ground-truth
bounding-box with the ut-
terance of “the desk directly
below the board on the
wall.”

(d) A virtual robot path
from a random position in
the scene to the target object
from (b) is shown in yellow
dots.

(e) A virtual robot path
from a random position in
the scene to the target object
from (c) is shown in yellow
dots.

Figure C.1: Examples of ReferIt3D (Achlioptas et al., 2020) dataset. Figure (a)
shows all the bounding-boxes (red) in an example scene with two highlighted
bounding-boxes (blue) of the target class. Figure (b-c) show two utterance
examples and corresponding target object bounding-boxes. Figure (d-e)
visualize virtual robot paths generated by A* from a random position to two
target objects. Yellow dots indicate the path and red dots indicate the (random)
initial positions.
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(a) Four bounding-boxes
of kitchen cabinets are
shown in blue and the other
bounding-boxes are shown
in red.

(b) A Yellow bounding-box
shows one of the bounding-
box of kitchen cabinets with
the utterance of “Kitchen
cabinet to the left of the
stove.”

(c) A Yellow bounding-box
shows one of the bounding-
box of kitchen cabinets with
the utterance of “This up-
per cabinet is between the
stove and sinks.”

(d) A Yellow bounding-box
shows one of the bounding-
box of kitchen cabinets with
the utterance of “The cabi-
nets under the sink.”

(e) A Yellow bounding-box
shows one of the bounding-
box of kitchen cabinets with
the utterance of “Of the two
bottom cabinets, choose
the one on the right.”

Figure C.2: Examples of ReferIt3D (Achlioptas et al., 2020) dataset. Figure (a)
shows all the bounding-boxes (red) in an example scene with four highlighted
bounding-boxes (blue) of kitchen cabinets. Figure (b-e) show four utterance
examples, corresponding target object bounding-boxes, and robot paths to
reach the objects. Yellow dots indicate the path and red dots indicate the
(random) initial positions.
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(a) Three bounding-boxes of chairs are
shown in blue and the other bounding-
boxes are shown in red.

(b) A Yellow bounding-box shows one
of the bounding-box of chairs with
the utterance of “Chair closest to the
door.”

(c) A Yellow bounding-box shows one
of the bounding-box of chairs with the
utterance of “select the chair pushed
in at the desk.”

(d) A Yellow bounding-box shows one
of the bounding-box of chairs with the
utterance of “The chair is the red one
closest to the window facing towards
the blue ball and away from the desk.”

Figure C.3: Examples of ReferIt3D (Achlioptas et al., 2020) dataset. Figure (a)
shows all the bounding-boxes (red) in an example scene with three highlighted
bounding-boxes (blue) of chairs. Figure (b-d) show three utterance examples,
corresponding target object bounding-boxes, and robot paths to reach the
objects. Yellow dots indicate the path and red dots indicate the (random)
initial positions.
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Figure C.4: Detailed overview of LanguageRefer at the inference stage. At
inference, an extra target classifier is employed to exclude objects that are not
related to the target class in the reference task. Please refer to the details in
the section C.2.

(a) LanguageRefer success-
fully selects the referred ta-
ble at the center with a cus-
tom utterance “table with
lots of chairs.” as well
as the utterance from the
dataset “this is the large
conference table with many
chairs.”

(b) LanguageRefer chooses
the correct table on the
side with a custom utter-
ance “a smaller table.” as
well as the utterance from
the dataset “the desk di-
rectly below the board on
the wall.”

(c) LanguageRefer chooses
the incorrect table at the
center (in red) when the
desired target object is the
smaller table (in yellow)
with a custom utterance
“table without any chairs
around.”

Figure C.5: Qualitative analysis of LanguageRefer result with table as the
target class. Figure C.5 (a) and (b) show successful results of LanguageRefer
references in an example scene (green) and input utterances. The proposed
model predicts correct target objects with custom utterances. Figure C.5 (c)
shows an failure case of the proposed method with a custom utterance.
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(a) LanguageRefer failed to select the top
box from the utterance “of the three boxes
stacked pick the top one.” A yellow
bounding-box shows the ground-truth
target object and a red bounding-box
shows the incorrectly selected target ob-
ject.

(b) When we provide the ground-truth
class labels to the model, it chooses the
correct box from the same utterance as in
Figure C.6 (a).

(c) LanguageRefer chooses the incorrect
box at the bottom (in red) with the utter-
ance “middle box in the stack.” indicat-
ing the ground-truth box in the middle
(in yellow).

(d) LanguageRefer chooses the correct
box at the bottom (in green) with utter-
ances “the bottom box in the stack of
three boxes.” and “the large white box
on the bottom.”

Figure C.6: Qualitative analysis of LanguageRefer result and effect of
predicted class labels. Figure C.6 (a) shows a failure case of selecting the top
box from the stack of boxes and Figure C.6 (b) shows the corrected reference
when the ground-truth class labels are provided. Figure C.6 (c) and (d) shows
a failure and a successful case of different boxes, respectively. Ground-truth
boxes are shown in yellow, correct and incorrect guesses are shown in green
and red, respectively.
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(a) LanguageRefer success-
fully selects the referred
kitchen cabinets with the
utterance “a double sink is
on top of this section of low
cabinets.”

(b) LanguageRefer chooses
the correct kitchen cabinets
with the utterance “higher
section of kitchen cabi-
nets.”

(c) LanguageRefer chooses
the incorrect kitchen cab-
inet on the left side (in
red) when the desired tar-
get cabinets are in the mid-
dle (in yellow) with the
utterance “lower cabinets
next to stove.”

Figure C.7: Qualitative analysis of LanguageRefer result with kitchen
cabinets as the target class. Figure C.7 (a) and (b) show successful results of
LanguageRefer references in an example scene (green) and input utterances.
The proposed model predicts correct target objects with custom utterances.
Figure C.7 (c) shows an failure case of the proposed method.

(a) An example of
the standard orien-
tation 1.

(b) An example of
the standard orien-
tation 2.

(c) An example of
the standard orien-
tation 3.

(d) An example of
the standard orien-
tation 4.

Figure C.8: Examples of standard orientations for view-point annotation
(a-d). We assume that the robot is always inside of the room except for the
cases specified by utterances.
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Figure C.9: Interface of the orientation annotation. On the left side, a 3D
visualization of the scene with overlaid bounding-boxes and class labels is
provided. On the right side, a table of utterance information with orientation
annotation checkboxes is shown. By clicking each row in the table, the
highlights of the bounding-boxes in 3D visualization is changing with respect
to the clicked utterance. A green bounding-box is the true target object while
red bounding-box(es) is the distractor object in the same class. Flags ‘Correct
Guess’ and ‘Mentions Target Class’ indicate whether utterances are considered
valid (according to the official ReferIt3D (Achlioptas et al., 2020) evaluation).
Flags ‘View-Dependency’ and ‘Use Language’ provide information about
the utterances. ‘Sp’, ‘Cl’, ‘Sh’ indicate whether the utterance is using spatial
relationship, color, and shape, respectively. For instance, the utterance “The
black paper towel dispenser above the white dispenser and to the right of
2 white sinks.” uses color (“black” and “white”) and spatial relationship
(“above”, “to the right of”).
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