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Abstract

Machine learning developments have contributed to overcome a wide range of issues, in-

cluding robotic motion, autonomous navigation, and natural language processing. Of note

are the advancements of reinforcement learning in the area of object goal navigation — the

task of autonomously traveling to target objects with minimal a priori knowledge of the

environment. Given the sparse placement of goals in unknown scenes, exploration is essen-

tial for reaching remote objects of interest that are not immediately visible to autonomous

agents. Sparse rewards are a crucial problem in reinforcement learning that arises in ob-

ject goal navigation, as positive rewards are only attained when targets are found at the

end of an agent’s trajectory. As such, this work explores object goal navigation and the

challenges it presents, along with the relevant reinforcement learning techniques applied

to the task. An ablation study of the baseline approach for the RoboTHOR 2021 object

goal navigation challenge is presented and used to guide the development of an on-policy

agent that is computationally less expensive and obtains greater success in unseen envi-

ronments. Then, original object goal navigation reward schemes that aggregate episodic

and long-term novelty bonuses are proposed, and obtain success rates comparable to the

respective object goal navigation benchmark at a fraction of training interactions with the

environment.
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Chapter 1: Introduction

1.1 Motivation

Advances in machine learning have made extraordinary contributions to a plethora of

problems, such as natural language processing [1], autonomous navigation [2], and robotic

motion [3]. Of particular interest are the developments of reinforcement learning (RL) in

the field of object goal navigation.

Object goal navigation (ObjectNav) is the task of autonomously navigating to target

objects in environments where a priori information of the environment is limited. As such,

exploration plays a key role in being able to reach objects of interest that have unknown

locations and are not immediately present in an autonomous agent’s field of view.

It is natural that human-inspired solutions are explored to tackle autonomous navi-

gation problems as humans excel in such tasks. Deep reinforcement learning, a field of

research with conceptual origins in biological and behavioral sciences, has been success-

fully applied to autonomous navigation tasks [2] and can outperform classical methods.

However, current state of the art in object goal navigation obtains a test success rate of

roughly 65%1 and 68%2 on Habitat and RoboTHOR challenge environments [4, 5]. This

is likely due to the sparsity of success rewards present in such problems. As such, object

goal navigation remains a problem to be solved in a reinforcement learning framework.

RL approaches involve training agents to act given a state (i.e., RGB-D or pose obser-

vations) and a set of possible actions. Agents are trained to find an optimal policy, π∗,

1Retrieved from https://eval.ai/web/challenges/challenge-page/1615/leaderboard/3899.
2Retrieved from https://leaderboard.allenai.org/robothor objectnav/submissions/public.
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that maximizes the total expected reward over multiple interactions with an environment.

When the set of possible states becomes overly complex, neural networks have been used to

simplify state representations [6], estimate state values, and learn policies [7,8]. Over recent

years, advances in deep reinforcement learning have allowed researchers to train agents to

outperform humans in tasks such as video games [9, 10], Go, shogi, and chess [11].

However, sparse rewards are a fundamental problem in RL that arise in object goal

navigation since positive rewards are only attained when target objects are found at the

end of an agent’s trajectory. Sparse rewards make it difficult for an agent to assign value

to past states and actions based on rewards far into the future. Reward engineering and

environment modelling is one approach to solve this problem; although, the process is

time consuming and can unintentionally bias agent action distributions to undesirable

behaviors. Furthermore, the dynamics of the environment are often unknown; hence, the

optimal reward configuration of the environment remains a substantial problem in itself.

Humans, in contrast, are exceptional at completing tasks even when rewards are non-

existent or present themselves far into the future. Intrinsic motivations play a sizable role

in guiding our actions towards goals that are inherently satisfying, as opposed to externally

consequential. Curiosity is an intrinsic motivator that enhances human learning [12]; hence,

efforts endowing agents with curiosity have been explored in the field of reinforcement

learning. Some successful methods that apply intrinsic curiosity to sparse reward RL

environments provide a bonus to the agent based on some formulation of novelty or surprise.

Some of the top performers in common sparse reward RL tasks such as Montezuma’s

Revenge [9] or VizDoom [13] represent intrinsic bonus rewards as pseudo-counts [14,15], or

state prediction errors [16,17], or a combination of both [18,19]. These approaches can be

2



implemented with a variety of RL algorithms and allow for end-to-end training of agents

that are effective at exploring environments even in the absence of extrinsic (environmental)

rewards.

Count-based methods, which approximate an intrinsic reward by the inverse of a state

visitation count, have been applied in object goal navigation [20]. Similarly, Maksymets et

al. [21] use the increase in area observed by an agent as an exploration bonus. However,

these approaches still leave room for improvement in their respective challenge benchmarks

and rely on effective measurement and mapping data, which are not always available in

unknown environments.

When used in conjunction with extrinsic rewards, prediction error bonuses can influence

agents to effectively explore a given environment while also learning to complete the task

at hand. Intrinsic curiosity module (ICM) [17] and random network distillation (RND) [16]

methods estimate state prediction errors using neural networks. While ICM predicts future

states using a forward model, RND estimates the output of a fixed target network using

a predictor network. Despite their success in sparse reward settings, intrinsic curiosity

prediction error bonuses are yet to be fully explored in the context of object goal navigation.

1.2 Problem Statement

The aim of this research is to investigate the use of intrinsic curiosity via prediction error

and count-based methods for object goal navigation. This research proposes the use of

curiosity as an appropriate exploration method that can improve performance in finding

3



targets of interest that are not immediately present in a mobile robot’s field of view. More-

over, intrinsic rewards could help a robotic agent learn an effective exploration strategy

to discover the sparse rewards existent in the ObjectNav task. The scope of this research

is limited to training agents to generalize in unseen simulated environments during object

navigation tasks assuming the availability of RGB and depth sensors, and does not attempt

to address the discrepancies associated when porting agents to real world environments,

a problem known as the sim-2-real gap. The research is also limited by resources when

compared to common reinforcement learning benchmarks in object goal navigation. Typ-

ical benchmarks experiment for over 300M+ environment interactions, over distributed

systems with several GPUs and capacity to run multitudes of environments in parallel.

Hence, this research tries to show performance improvements in the short run (10-50M

environment steps), as opposed to running experiments on expensive systems for extended

periods of time.

1.3 Objectives

The aim of this research is to:

• Implement a robotic agent to navigate to objects outside its immediate sensing range

in a benchmarked 3D simulated navigation environment.

• Explore and design methods of intrinsic curiosity in autonomous mobile agents for

the task of object goal navigation.

4



• Experimentally validate the use of exploration bonuses with state-of-the-art rein-

forcement learning agents on object goal navigation tasks.

1.4 Thesis Overview

Chapter 2 reviews the relevant literature of artificial neural networks and deep reinforce-

ment learning from the perspective of object goal navigation. Chapter 3 details the pro-

posed architecture and experimental setup of on-policy agents in the RoboTHOR [5] 3D

simulated environment. Chapter 4 details curious RL agents and compares them against

non-curious ones, while Chapter 5 concludes on this thesis and its findings.

5



Chapter 2: Literature Overview

This chapter overviews relevant literature regarding deep reinforcement learning and

object goal navigation. The relevant fundamentals of artificial neural networks are reviewed

in section 2.1 and reinforcement learning along with the landscape of deep RL algorithms

are explored in section 2.2. Section 2.3 looks at the current literature regarding object goal

navigation with a focus on reinforcement learning approaches.

2.1 Artificial Neural Networks

The objective of machine learning is to identify a model that best predicts an output

Y ∈ <N given the features X ∈ <M by learning on a dataset D = {(x1, y1), . . . (xn, yn)}.

Neural networks are a class of models optimized to predict a function Y = F (X), most

commonly optimized via stochastic gradient descent, or some version of it. A loss function,

such as the mean squared error (MSE), defines the metric by which to optimize network

weights. The following sub-sections overview different neural network architectures and

training techniques used to best fit D and generalize to F (X).

2.1.1 Architectures

A single neuron is defined as a weighted linear combination of input features activated by

some, often non-linear, activation function (e.g. sigmoid, hyperbolic tangent). Common

network architectures build on this basic formulation by staging sequential layers to produce

large, highly parametrized models capable of predicting complex non-linear functions.
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Multilayer Perceptron

The multilayer perceptron (MLP) [22] structures a network of neurons that feed stimuli

from a previous layer onto the next sequentially. The dimension of each hidden layer is

commonly referred to as the width of the layer, and the number of layers in the network

is referred to as the depth. The output of each layer is defined as

h(l) = g(W (l)h(l−1) + b(l)) (2.1)

where h(l) is the output vector of hidden layer l, g is the activation function, W (l) is a

2D matrix of learnt parameters with dimensions defined by the previous and current layer

widths, and b(l) is a learnt bias term.

Convolutional Neural Networks

The main building block of a convolutional neural network (CNN) [23] is a discrete con-

volutional layer with a kernel W ∈ <k1×k2×C where k1, k2 are the kernel width and height

respectively, and C is the number of channels of the input features (e.g. 3 for an RGB

image in the input layer).

Many CNN architectures have been proposed for image classification. AlexNet [24]

uses rectified linear unit (ReLU) activation functions, dropout and pooling layers. ReLU

activations output the input when positive and zero otherwise, dropout is a regularization

technique which randomly zeros neuron outputs when training, and pooling layers reduce
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feature dimensionality with a pooling operation (max, mean, min, etc.). VGG [25] in-

troduces deeper homogeneous networks with smaller 3x3 kernels leading to performance

gains over AlexNet in the ImageNet classification problem. ResNet [26] introduces identity

residual connections between input features and the output of convolutional layers. The

CNN defined by Lecun et al. [23] and the ResNet architecture defined by He et al. [26],

which is often used as a backbone architecture in many computer vision models, are further

described in appendix A.1.

CNNs also enable object detection, which requires identifying objects in the frame and

where in the frame they are located. The region-based CNN (R-CNN) [27] proposes a

set of objects in the scene via selective search, and then feeds the resized region to a

CNN pretrained on classification. Faster R-CNN [28], the first end-to-end object detection

network, improved speeds with a region proposal network to identify potential objects

while also performing bounding box regression. Mask R-CNN [29] further improves on this

by outputting a pixel-wise binary map indicating the existence of an object, extending the

Faster R-CNN architecture to object segmentation.

In many computer vision problems, it can be useful to repurpose models trained for

a particular problem, such as ImageNet [30] classification, and apply them to different

learning problems, known as transfer learning. Contrastive language-image pretraining

(CLIP) is a pretraining method which learns embeddings of image and language models

via contrastive objectives [31]. Backbones used are the Vision Transformer [32] and ResNet

architectures, which are trained on a large database of 400 million image-text pairs from the

internet. The resulting CLIP models achieve zero-shot prediction performance on several

classification datasets that surpasses some models trained strictly on those datasets. CNN
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transfer learning is currently used in state-of-the-art object goal navigation approaches

[33,34].

Recurrent Neural Networks

Recurrent neural networks (RNNs) are commonly used to model sequential data as they

maintain a relationship between sequential activations. An RNN consists of recurrent units

with a hidden state ht representing the unit’s state at step t. Elman [35] introduces vanilla

RNN governed by equations (2.2) and (2.3).

ht =g(Wxt + Uht−1 + b) (2.2)

yt =V ht + c (2.3)

where W ∈ <k×m, U ∈ <k×k, b ∈ <k, V ∈ <n×k, c ∈ <n, and n, k, and m are the dimensions

of the output yt, the state ht, and the input xt, respectively.

RNNs are known to suffer from vanishing or exploding gradients when backpropagating

errors. Some architectures consist of more complex recurrent units and additional inter-unit

signals that aim to reduce the effects of vanishing or exploding gradients. Long short-term

memory (LSTM) [36] and gated recurrent unit (GRU) [37] networks are examples of such

architectures which consist of gating mechanisms per recurrent unit. Further details of

their architectures can be found in appendix A.2.

RNNs are commonly used in reinforcement learning to model the temporal relationship

between sequential environment interactions and are used in several object goal navigation
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approaches [20,33,34,38].

2.1.2 Optimization

A loss or score function defines the metric to optimize network weights and an optimization

technique optimizes them. Stochastic gradient descent (SGD), or some version of it, is a

commonly chosen optimization method for neural networks, although, other methods such

as evolutionary strategies can also optimize neural networks effectively [39]. Common loss

functions include mean squared error (MSE), cross-entropy, and Kullback-Leibler (KL)

divergence [40] losses. Cross entropy is commonly used in classification problems, MSE is

commonly used in regression, and KL divergence is used to measure the distance between

predicted and target distributions.

Network weights are optimized via backpropagation [41] with a gradient descent method

by computing loss gradients with respect to weights. Mini-batched stochastic gradient

descent optimizes networks based on equation (2.4). SGD with momentum accelerates

learning by reducing oscillations [42]. AdaGrad decays learning rates based on the sum

of squares of the gradient [43]. Adam similarly computes decaying learning rates using

averages of past gradients and their square [44].

θnew = θold − η
1

|B|
∑
B

∇θLθ(Y, Ŷ ) (2.4)

θ denotes the network weights, η is the learning rate, Lθ is the loss function and Y and Ŷ

are the batched targets and network outputs respectively.
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2.2 Reinforcement Learning

Reinforcement learning (RL), in the context of machine learning, is the training of models

to make decisions using observations of an environment state by reinforcing or penalizing

actions with a reward signal. This section reviews the basic formulation of the Markov

decision process (MDP), model-free reinforcement learning, deep reinforcement learning,

and curiosity bonus rewards in RL.

2.2.1 Markov Decision Processes

Although not all RL problems consist of Markov states, the MDP formulation is the starting

point for many reinforcement learning algorithms. MDPs are defined by a set of Markov

states S, a set of actions A, the state transition probability, p(s′|s, a), a reward function

r(s, a, s′), and the discount factor γ, where s, s′ ∈ S are current and next states, and a ∈ A

is the action transitioning the agent from s to s′. An agent acting in a MDP sequentially

interacts with the environment and observes the next state and reward. The goal of the

agent is to maximize rewards by optimizing a policy π that maps agent observations to

actions given current state observations. Value functions estimate the value of states or

state-action pairs of a MDP, which is often used in RL to learn optimal policies.
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The State

The set of states S is considered Markov if future states in a trajectory are independent of

the past states. That is,

Pr {Rt+1 = r, St+1 = s′|St, At} = Pr {Rt+1 = r, St+1 = s′|S0A0, R1...StAt, Rt} (2.5)

where Rt, St, At are the reward, state and action at step t, respectively [45]. Hence the

Markov state encapsulates sufficient information about previous states to act optimally in

the environment. Often in RL, state observations are non-Markov (i.e., future states are

dependent on past states). Nonetheless, it is still possible to learn policies that complete

tasks despite such observations. Finite MDPs have state and action spaces that are finite,

which is the case of object goal navigation with discrete actions and discrete red-green-

blue (RGB) data. Partially observable MDPs (POMDPs) only allow for partial state

signals, such as the subsection of a maze in an agent’s locale. Still, approximations of

a state signal can lead to successful policies. In the context of autonomous navigation,

environments are partially observable and states are non-Markov, however approximations

of the environment state can be sufficient to solve tasks such as point goal navigation [2].

State-Reward Transition Models

State-reward transition probabilities model the future transitions with the environment

and represent the dynamics of a MDP. Knowledge of a MDP’s dynamics allows for solving

the task directly, although more often than not, the environment dynamics are unknown.
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Following [45], the state-reward and state transition models, along with expected reward

functions are:

p(s′, r|s, a) = Pr {St+1 = s′, Rt+1 = r|St = s, At = a} (2.6)

p(s′|s, a) = Pr {St+1 = s′|St = s, At = a} =
∑
r

p(s′, r|s, a) (2.7)

r(s, a, s′) = E[Rt+1|St = s, At = a, St+1 = s′] =
∑
r

r
p(s′, r|s, a)

p(s′|s, a)
(2.8)

r(s, a) = E[Rt+1|St = s, At = a, St+1 = s′] =
∑
r

r
∑
s′

p(s′, r|s, a) (2.9)

The state-reward transition model (2.6) denotes the probability of achieving reward r and

observing state s′ when transitioning from state s after action a. The state transition

model (2.7) is the probability of observing state s′ when transitioning from state s after

action a. Equation (2.8) denotes the expected reward given s, a, and s′, and equation (2.9)

denotes the expected reward given state s, and action a.

In non-complex MDPs these models are often well defined; however, in a large portion

of RL problems, including POMDPs, they are not. Model-based reinforcement learning

algorithms concern themselves with modeling the environment state transition models

(e.g., world models [6]). Model-free reinforcement learning algorithms do not assume the

dynamics of the environment are known.

Agent Policies

The agent’s policy maps state observations to a distribution of actions in the set A. These

policies can be deterministic (a = π(s)) or stochastic (a ∼ π(a|s)). Agent actions are
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sampled from their policies and can be either continuous, like the angle of a motor, or

discrete, like “rotate right” or “move ahead” in the context of discrete navigation. Policies

are often parametrized functions, denoted πθ, especially in policy gradient methods (e.g.,

A3C [7], TRPO [46], PPO [8], etc.).

Value Functions

Value functions represent the expected total future rewards given a current state or state-

action pair. It is often desirable to represent the value of a state or state-action pair by

discounting the cumulative rewards. Hence the return, Gt, is defined as the discounted

reward over future interactions of an agent’s trajectory. The factor γ ∈ [0, 1] discounts

future rewards, modulating the influence of future rewards on past state values.

Gt =
∞∑
k=0

γkRt+k+1, (2.10)

Hence the state value, vπ(s), and the state-action value, qπ(s, a) are defined as [45]:

vπ(s) = E[Gt|St = s] = E[Rt+1 + γvπ(St+1)|St = s] (2.11)

=
∑
a

π(a|s)qπ(s, a) (2.12)

=
∑
a

π(a|s)(r(s, a) + γ
∑
s′

p(s′|s, a)vπ(s′)) (2.13)
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qπ(s, a) = E[Gt|St = s, A = a] = E[Rt+1 + γqπ(St+1, At+1)|St = s, A = a] (2.14)

= r(s, a) + γ
∑
s′

p(s′|s, a)vπ(s′) (2.15)

= r(s, a) + γ
∑
s′

p(s′|s, a)
∑
a′

π(a′|s′)qπ(s′, a′) (2.16)

These are known as the Bellman equations. Optimal value functions of a MDP are

obtained when an agent is acting under an optimal policy π∗. That is, an optimal policy

is one that maximizes the value of all states; hence, the MDP is solved when the optimal

value function is known. The Bellman optimality equations are starting points for many

reinforcement learning algorithms as many solutions compute optimal state value functions

to obtain an optimal policy [45]. The optimal value functions are defined as:

v∗(s) = max
π

vπ(s) (2.17)

= max
a
q∗(s, a) (2.18)

= max
a

[
r(s, a) + γ

∑
s′

p(s′|s, a)v∗(s′)

]
(2.19)

q∗(s, a) = max
π

qπ(s, a) (2.20)

= r(s, a) + γ
∑
s

p(s′|s, a)v∗(s′) (2.21)

= r(s, a) + γ
∑
s′

p(s′|s, a) max
a′

q∗(s′, a′) (2.22)
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2.2.2 Model-Free Reinforcement Learning

Model-free reinforcement learning assumes the dynamics of the environment are unknown;

hence, the expected future returns are estimated empirically via interactions with the

environment. Monte Carlo (MC) and temporal difference (TD) methods approximate

state and state-action value functions while updating an online or offline policy.

Monte Carlo and Temporal Difference

Monte Carlo methods estimate state-action values as the average cumulative returns over

trajectories [45]. The value function update is a running mean that counts state visitations,

although a learning step coefficient α can be used instead of dividing by the number

of samples. Equation (2.24) denotes the Monte Carlo (MC) state-action value function

update, which is parametrized with a step size, α.

Q(s, a) = E [Gt|St = s, At = a] (2.23)

Q(s, a) = Q(s, a) + α(Gt −Q(s, a)) (2.24)

Temporal difference (TD) approaches estimate state-action values as the average estimated

cumulative reward [45]. Instead of a target of Gt, n-step TD estimates approximate the

future return looking n steps into the future. Equations (2.25) and (2.26) show the 1-step
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and n-step TD state-action value function update respectively.

Q(st, at) = Q(st, at) + α(rt+1 + γQ(st+1, at+1)−Q(st, at)) (2.25)

Q(st, at) = Q(st, at) + α(G
(n)
t −Q(st, at)) (2.26)

G
(n)
t = rt+1 + γrt+2 + . . . γnQ(st+n, at+n) (2.27)

TD(λ) methods make use of multiple n-step returns (G
(n)
t ) by modulating them with de-

creasing weights. Equation (2.29) describes the TD(λ) state-action value estimate update.

When λ = 1, the state-action error amounts to Monte Carlo error [45].

G
(λ)
t =(1− λ)

∞∑
n=1

λn−1G
(n)
t (2.28)

Q(st, at) =Q(st, at) + α(G
(λ)
t −Q(st, at)) (2.29)

SARSA [47] is an on-policy algorithm that makes use of temporal difference state-action

value estimates. At each step, Q(s, a) is updated following an ε-greedy policy that acts

randomly with uniform probability ε or acts greedily otherwise. Q-learning is an off-policy

algorithm with temporal difference estimates that optimizes state-action values assuming a

greedy policy in future actions but following an ε-greedy policy [48]. Refer to algorithms 2.1

and 2.2 in appendix B.1 for details on SARSA and Q-learning.

2.2.3 Deep Reinforcement Learning

In the case that the state space of a MDP is dimensionally large, tabular state-action

value functions become prohibitively expensive to compute. Hence, value functions can
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be estimated via function approximations such as linear regression models, or in the case

of deep reinforcement learning, neural networks. In addition to a parametrized value

function, policies can also be functions that map actions stochastically or deterministically

from observations of the environment state.

Approximated value functions, V (s, θ) or Q(s, a, θ), learn the estimated discounted

return, where θ are the function parameters to be learnt. A common loss function is the

mean squared error between the learnt value function and the actual state-value. However,

since the actual value function is not known, MC or TD estimates are appropriately used

to estimate the future discounted return. The loss and its gradient can be defined as

L =E[(Gt − V (s, θ))2|s] (2.30)

∇θL =E[2(Gt − V (s, θ))∇θV (s, θ)|s] (2.31)

where Gt can be estimated by any of MC or TD methods described in section 2.2.2.

The value function network is optimized with backpropagation via a gradient descent

optimization method using this loss definition.

Deep Q-learning

The vanilla deep Q-network (DQN) optimizes Q(s, a, θ) by interacting with an ε-greedy

policy while optimizing Q(s, a, θ) assuming a greedy policy [49]. In addition, an experience

replay buffer holds environment interactions for re-use of previous experiences and the

future discounted rewards are estimated with TD(0) estimates. The loss function and its
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gradient are denoted

L(θi) =E[(rt + γ argmax
a′

Q(s′, a′, θi−1)−Q(s, a, θi))
2|s, a] (2.32)

∇θiL(θi) ≈E[(rt + γ argmax
a′

Q(s′, a′, θi−1)−Q(s, a, θi))∇θiQ(s, a, θi)|s, a] (2.33)

where θi denotes the weights of training iteration i. Double DQN [50] adapts double

Q-learning from the tabular setting to DQN. Dueling DQN [51] learns a Q-function as

Q(s, a, θ, α, β) = V (s, θ, α) + A(s, a, θ, β) where θ are the shared parameters between V

and A, α and β are the parameters unique to V and A respectively, and A is the advantage

function.

Policy Gradients

Policy gradient reinforcement learning algorithms approximate policy π(a|s, θ) as a differ-

entiable function parametrized by θ. One objective function is to maximize the expected

un-discounted return of trajectories. Hence

J (θ) =Eπ

[
T∑
t=0

Rt+1

]
=
∑
τ

p(τ |θ)
T∑
t=0

Rt+1 (2.34)

where τ denotes a trajectory. The gradient of the objective for a batch of trajectories
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is

∇θJ (θ) = ∇θEπ

[
T∑
t=0

Rt+1

]
(2.35)

=
∑
τ

∇θp(τ |θ)
T∑
t=0

Rt+1 (2.36)

=
∑
τ

p(τ |θ)∇θ ln p(τ |θ)
T∑
t=0

Rt+1 (2.37)

= Eπ

[
∇θ ln p(τ |θ)

T∑
t=0

Rt+1

]
(2.38)

= Eπ

[
T∑
t′=0

∇θ ln π(at′ |st′ , θ)
T∑
t=0

Rt+1

]
(2.39)

where

p(τ |θ) = p(s0)
T∏
t=0

p(st+1|st, at)π(at|st, θ) (2.40)

ln p(τ |θ) = ln p(s0) +
T∑
t=0

ln p(st+1|st, at) +
T∑
t=0

lnπ(at|st, θ) (2.41)

∇θ ln p(τ |θ) =
T∑
t=0

ln∇θπ(at|st, θ) (2.42)

Equation (2.39) is derived assuming un-discounted rewards for a full trajectory; how-

ever, a similar formulation can be made considering future discounted rewards as the target.

The target, denoted Φt, can also be chosen to reduce the variance of the expectation by

using value functions, advantages or TD residuals. As examples, generalized advantage

estimation uses a method analogous to TD(λ) to estimate advantages as targets [52], while
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the Monte Carlo REINFORCE algorithm [53] estimates value function targets. Equation

(2.43) re-formulates equation (2.39) generally with target Φt.

∇θJ (θ) =Eπ

[
T∑
t′=0

∇θ lnπ(at′|st′ , θ)Φt

]
(2.43)

Some actor-critic methods use parametrized value approximations for computations of

Φt. Asynchronous advantage actor-critic (A3C) [7] estimates the advantage function

Φt =A(st, at, θv) (2.44)

=Gt − V (st, θv) (2.45)

where θv denotes the state value function parameters. Each thread of A3C is synchronized

with global policy and value function parameters, and episodes of agent interactions with

the environment are executed in parallel. Gradients are accumulated per episode and are

used to update the global parameters. A3C also uses the policy entropy in the loss objective

to encourage agent exploration.

Trust region policy optimization [46] similarly estimates advantages but also bounds

policy updates by computing the KL-divergence between updated and previous policies.

The KL-divergence is constrained to some target value δ for the surrogate loss function:

J (θ) =Eπ
[
π(st, at, θ)

π(st, at, θold)
At

]
(2.46)
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Proximal policy optimization (PPO) [8] similarly bounds policy updates by optimizing

the clipped surrogate loss function

J (θ) = min

(
π(st, at, θ)

π(st, at, θold)
At, clip

(
π(st, at, θ)

π(st, at, θold)
, 1− ε, 1 + ε

)
At

)
(2.47)

where ε clips the ratio between the new and old policies.

2.2.4 Curiosity Bonus Rewards

Curiosity in the domain of reinforcement learning attempts to solve the problem of sparse

rewards by reinforcing agent policies to explore the environment effectively. This is achieved

by supplementing reward signals with bonuses that encourage exploration.

Count-Based Bonuses

Count-based methods characterize novelty as inversely proportional to some count denoted

Nt. In tabular MDPs, counts are easily recorded and the reward bonus is characterized as

rit(s, a) ∝ β√
Nt(s, a)

(2.48)

rit(s) ∝
β√
Nt(s)

(2.49)

where β is an intrinsic reward coefficient.

It follows that the bonus reward is largest when state or state-action visitation counts

are lower (i.e. novel). Sutton [54] proposes DynaQ+, which uses Q-learning with a count
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based novelty reward. However, in MDPs with large or continuous state and action spaces,

it is not viable to accumulate counts in this fashion. In that case, function approximations

can be used to estimate the visitation counts. In [14], Bellemare et al. propose pseudo-

counts computed via equation (2.50). The prediction gain is computed as the difference

in log-probabilities of current and next step state densities, ρ(s) and ρ′(s), which are

parametrised by some function (Context Tree Switching [55] in the original paper). The

pseudo-count is then approximated as

N̂t(s) =
(
elog ρ′(s)−log ρ(s) − 1

)−1

(2.50)

Ostrovski et al. [56] build on the pseudo-count approach by approximating state densities

with a modified PixelCNN [57] and clipping the prediction gain to positive values.

In another count-based approach, Tang et al. [58] use an autoencoder to learn a latent

binary representation of the state which can then be counted in a tabular fashion. The

intrinsic reward is represented as

ri(s) =
β√

N(φ(s))
(2.51)

φ(s) =sgn(Ag(s)) ∈ {−1, 1}k (2.52)

where g : S−→RD is a preprocessing function, φ is the hash code for tabular counts, A is a

k×D matrix with values sampled from a normal distribution with zero mean and unitary

standard deviation, and k is the hash code’s dimension which controls the granularity.

23



Prediction Error Bonuses

Bonus rewards can also be characterized as prediction errors of states. As the agent

interacts with the environment, the prediction error is expected to decrease for states that

have already been visited. In [17], Pathak et al. estimate the state prediction error with an

intrinsic curiosity module (ICM) that learns a forward model of states while also learning

the inverse dynamics of an environment.

The difference between the output of the forward model and the actual observed state

is added to the reward signal. The cross entropy between the inverse model’s predicted

action and the actual action that was taken is the learning signal for the feature encoder

φ(s). Burda et al. [59] further investigate ICM rewards using different feature embeddings,

including inverse dynamics, variational auto encoder (VAE) and random features, across

54 games. They show that an agent trained solely on ICM rewards can attain extrinsic

rewards and that inverse dynamics, VAE, or random features are useful for learning in

many of the environments tested on.

Similarly, random network distillation (RND) supplements the reward signal with a

prediction error computed as the mean squared error between the outputs of target and

prediction networks [16]. The predictor is trained to estimate the output of a fixed target

network, hence the intrinsic reward decreases as the predictor network better mimics the

target.

Badia et al. [18, 19] use both count and prediction type bonuses to model episodic

novelty and long term curiosity. An episodic count is computed with a kernal function

implemented via K-nearest neighbors (KNN) and an episode memory buffer. RND is used
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to model long term curiosity and modulate episodic intrinsic rewards. The intrinsic reward

function is modeled by:

rit =repisodict ·min(max(αt, 1), L) (2.53)

α =1 +
err(Φ(st), Φ̂(st))− µerr

σerr
(2.54)

err(Φ(st), Φ̂(st)) =

∑
(Φ(st)− Φ̂(st))

2

n
(2.55)

repisodict =
1√∑

si∈M K(s, si) + c
(2.56)

where α modulates the episodic intrinsic reward, repisodict , L is an upper bound to α, M

represents the episodic memory, Φ and Φ̂ are the RND target and predictor networks,

err is the RND mean squared error, n denotes the flattened dimension of the RND net-

work outputs, c is some small constant, and K is the kernel function implemented as

k-nearest neighbors. Badia et al. [18] highlights that RND modulation of episodic rewards

have limited performance improvement on dense reward settings while also demonstrating

pure exploration agents capable of superhuman average performance on a number of Atari

games, which confirms the findings in [59]. Badia et al. [18,19] detail off-policy agents that

train multiple value networks and policies that sample exploration coefficients, βi; hence,

the experience replay buffer contains trajectories varying in exploratory behaviours.

25



2.3 Object Goal Navigation

ObjectNav is the task of navigating to a target object in an unknown environment without

a priori information starting from a random location. A robotic agent, equipped with

useful sensory input such as red-green-blue-depth (RGB-D) and pose, must intentionally

stop in front of the target object to be successful, and ideally do so in an efficient manner.

Success is achieved if the agent stops within 1m of the target while maintaining target

visibility.

2.3.1 Challenge Environments

Multiple simulated environments have been developed, each with differing implementations

with respect to scenes, target objects, and embodied agents.

Simulated environments for object goal navigation aim to model the real world’s com-

plexity and semantics to mitigate the challenge of porting a learned policy to a physical

agent. As such, multiple datasets are created from 3D scans of physical environments,

which enables generalization testing on agents transferred to their real world counterparts.

Habitat

The Habitat ObjectNav challenges are based on the Matterport3D (MP3D) [60] dataset

which includes 90 indoor scenes of real world homes and buildings that have been scanned

with 40 annotated categories of segmented objects and scene components. The newest 2022
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iteration of the habitat challenge uses the Habitat-Matterport3D (HM3D) [61] dataset,

which has an 80/20/20 train/val/test split and uses 6 target objects (chair, couch, potted

plant, bed, toilet and TV). This is a change from previous iterations where a set of 21

object categories were used, likely facilitating the latest Habitat challenge.

Agent characteristics in this challenge are based on the LoCoBot1 and sensing capabil-

ities comprise of noiseless RGB-D, GPS and compass data. The action space is discrete:

move-forward 0.25m, turn-left 30◦, turn-right 30◦, look-up 30◦, look-down 30◦ and stop,

and success is achieved when the agent stops within 1m of the target object while occupy-

ing a valid viewpoint. A valid viewpoint of the object is considered any point within 1m

of the target object that could allow for framing of the object, although object visibility

is not required. Figure 2.1 shows sample floor layouts, sensory inputs, and object class

segmentation of the MP3D dataset.

1For details on the LoCoBot, see http://www.locobot.org/.

27



Figure 2.1: Sample from the MP3D dataset.

RoboTHOR

The RoboTHOR environment is a Unity [62] powered simulation for embodied AI devel-

opment that contains 89 apartment layout scenes (60 train, 15 val, 4 test-dev, and 10

test-standard) [5]. There are 12 target object categories that can be selected for each

scene, and several non-target objects in the scene (a total of 43 object categories).

The RoboTHOR agent is also based on the LoCoBot and has similar sensing as in

Habitat challenges, although pose information is unavailable. The agent has the same

action space as in Habitat, and has 500 actionable steps to stop within one meter of the

target with the object in view. Dissimilar to Habitat, the RoboTHOR challenge only
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considers a trajectory successful if the agent is within 1m of the target object and it main-

tains visibility of the object when executing the “Stop” action. The target categories are

also different with little overlap: AlarmClock, Apple, HousePlant, Television, Basketball,

Laptop, Bowl, GarbageCan, Mug, Vase, BaseballBat, SprayBottle. Compared to Habitat,

the RoboTHOR target objects vary greatly in size. Another important difference to note

is the different constructions of scenes (Unity vs MP3D); observations in MP3D visually

resemble noisy real world images more so than Unity RGB-D frames. Figure 2.2 shows

samples from the AI2-THOR framework, which the RoboTHOR challenge is built upon.

Figure 2.2: Sample from the AI2-THOR framework.

2.3.2 Metrics

Object goal navigation agents are commonly evaluated using success and success weighted

by path length (SPL) rates on a test set of episodes. While the success rate measures the
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agent’s raw ability to complete the ObjectNav task, the SPL of an episode is commonly

used for evaluating an agent’s trajectory efficiency to successfully navigate to the target

object. An episode’s SPL is defined as

SPL =S × l

max(p, l)
(2.57)

where S ∈ {0, 1} indicates the episodes success, l is the length of the shortest path, and p

is the path length of the agent’s trajectory. Although p should always be greater than or

equal to l, the maximum of the two ensures that the SPL is normalized to have a maximum

of 1, potentially accounting for structural biases in the environment that allow the agent

to find shortcuts to the target object. Despite it being the most commonly used efficiency

metric, SPL is limited in evaluating unsuccessful trajectories and is difficult to compare

from one environment or dataset to another [63].

In the context of ObjectNav, training success rates and SPLs relate to the agent’s per-

formance on scenes it has already encountered, while validation and test metrics evaluate

the agent on unknown scenes. The difference between training and test/validation sets is

referred to as the generalization gap and is indicative of the agent’s ability to generalize to

unseen environments. Training metrics presented in this thesis relate to the agent’s perfor-

mance on a batch of training interactions, not the full training dataset. Hence, the agent’s

true success rate or SPL generalization errors, which would instead be evaluated using the

full training dataset, are not presented. This is due to the costly time it would take to

evaluate performance metrics on the full training dataset. Still, any large generalization

gaps presented in this thesis do indicate some level of overfitting to the training dataset,

while smaller errors could be simply attributed to the object class or episode difficulty
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imbalance of the training batch.

ObjectNav agent performances are commonly compared by the checkpoint which ob-

tains the greatest success rate or SPL. In this thesis, performance metrics are reported

for the agent model checkpoint that obtains the greatest validation success rate. Addi-

tionally, the learning dynamics of the agent are shown for both success rate and SPL to

demonstrate the agent’s progression throughout training. If a plateau is reached, it could

indicate training saturation. Training metric curves report the 64-window rolling average

of the training batches of interactions with a 95% confidence interval as a method of demon-

strating the general trend of what would otherwise be noisy training curves. Validation

curves report the agent’s performance on the full validation dataset and are presented for

checkpoints taken during training without any averaging. In machine learning applications,

configurations are normally run multiple times and their averages are reported to account

for stochasticity between runs; however, due to time constraints and processing require-

ments of the simulation environment, single runs are reported. This is not uncommon as

leaderboard benchmarks and ObjectNav approaches often report on their best performing

agents.

While some navigation challenges, such as point goal navigation, have already been

technically solved (at least in simulation), as done so by Wijmans et al. [2], test success

rates on the ObjectNav task have only reached 65% and 68% on Habitat and RoboTHOR

challenge environments, respectively. This is likely due to the increased complexity added

by requiring the agent to intentionally stop with the target object in view, which necessi-

tates some interpretation of semantics. During the writing of this thesis, strides have been

made in other works to improve upon ObjectNav methods, often by addressing poor gen-
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eralization on challenge datasets, as done so by Maksymets et al. [21], improving feature

representation, as demonstrated by Khandelwal et al [34], or addressing reward sparsity,

as detailed by Ramrakhya et al. [33]. Section 2.3.3 details some of the approaches to the

ObjectNav task and their corresponding performance metrics.

2.3.3 Approaches

SemExp

The SemExp agent in [38] uses a semantic map with RGB-D sensors. The RGB frame is

fed to a pretrained Mask R-CNN which explicitly outputs semantic labels while the depth

image is converted to a point cloud. Each point in the cloud is associated with a label

and depth and their composition is subsequently converted to a voxel representation. The

sum of the voxels along the height forms a projection map containing a channel for each

semantic category. The projection map is fed to a denoising network to produce a semantic

map with the same dimensions. The Mask R-CNN and denoising network are trained using

ground truth semantic segmentation and semantic maps respectively.

The semantic map is fed to a goal oriented semantic policy to determine a long term

positional goal. The presence of the target object in the respective channel of the semantic

map determines the output; if any non-zero cell indicating the presence of the object is

found, they are set as the long term goal; otherwise, the semantic map is fed to a network

that predicts where to explore. The goal network receives the semantic map, its positional

trajectory, and the goal category. It is trained with PPO using the geodesic distance to
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the nearest target object. A deterministic fast marching method [64] is used to plan a path

to the long term goal.

The SemExp agent achieved 0.25 success rate and 0.10 SPL on the 2020 Habitat Ob-

jectNav challenge, winning that year’s competition.

Red-Rabbit

The RedRabbit agent aggregates RGB-D, semantic segmentation, goal descriptor, and pose

sensor information to feed multiple RNN heads trained on different auxiliary tasks [20].

RedNet is used for segmentation [65] and a semantic goal exists (SGE) feature is cal-

culated indicating the fraction of the target object occupying the agent’s frame. Semantic

channels are concatenated with RGB-D data and fed through a ResNet18 while the goal

category is embedded into a 32 dimensional vector. The observation embeddings, com-

posed of ResNet18 outputs, goal embeddings, pose, and SGE features, are processed by a

set of recurrent belief modules implemented as GRU networks. Each GRU is associated

with an auxiliary task and their outputs (the queries) are fused by applying an attention

layer conditioned on the observation embeddings (the keys).

Ye et al. [20] train agent models on different tasks that do not directly optimize rewards,

instead learning a task indirectly related to the agent’s main objective. Six auxiliary tasks

are used: two contrastive predictive coding [66], one prediction of bootstrapped latents

(PBL) [67], one action distribution prediction, one generalized inverse dynamics, and one

coverage prediction. In addition, rewards are augmented with a decaying episodic count-

based novelty reward, computed by counting the agent’s occupation in a voxel of the scene.
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The rewards are integrated by a tethered policy; one policy head is optimized with the total

combined reward (slack, success and exploration), and another is optimized on the sparse

success reward. The agent is trained via PPO with importance weighted VTrace [68] using

the full reward policy initially, then the sparse reward policy after a predetermined number

of interactions. In addition to the PPO and auxiliary losses, both action and attention

distribution entropies are added to the loss. The authors also note that a non-episodic

intrinsic curiosity module (ICM) fails to change performance in their experiments.

The RedRabbit agent achieved first place in the 2021 Habitat ObjectNav challenge

with 0.30 success rates and 0.13 SPL according to the challenge page; however the online

leaderboard record shows a success rate of 0.237 and an SPL of 0.062.

Stubborn

Luo et al. [69] build on SemExp but make the following observations: 1) semantic segmen-

tation does not aid in the SemExp agent’s exploration, 2) there are many false positives

of target detection based on a single frame, and 3) noisy sensors lead to inaccurate 2D

maps leading to agents getting trapped. To deal with these issues, a simpler exploration

goal selection strategy is followed, object detection is aggregated across frames, and 2D

semantic maps are augmented with multi-scale collision maps. The exploration strategy is

simplistic: move in one of 4 corner directions until a collision, after which the goal is set to

another corner in a clock wise manner. Similar to the Red-Rabbit agent [20], RedNet [65]

(as opposed to Mask R-CNN in SemExp) is used to create a 2D grid that estimates the

existence of object categories. If the target is detected, the target’s position is set as the
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goal. Detection is verified with a binary Naive Bayes classifier pretrained on the MP3D

dataset to reduce false positives. Aside from using different collision maps to avoid traps,

the agent uses a brute force “rotate/move ahead” strategy when it is stuck in the same

position for more than 10 steps.

The authors also make note that the collision avoidance approach used does not help the

SemExp agent and hypothesize that the simplistic corner exploration strategy causes more

frequent agent trappings. It still remains that using ground truth semantic segmentation,

as demonstrated by Ye et al. [20], performs much better, indicating that noisy sensing is

still an obstacle in semantic map based approaches.

The Stubborn agent achieves 0.237 success rate and 0.098 SPL, making the top 3 of

the 2021 Habitat challenge leaderboard.

THDA

Treasure hunt data augmentation (THDA) [21] uses semantic segmentation using RedNet

[65] along with depth and pose information to form its input features. The authors argue

that the geodesic distance to the target object does not serve as an adequate dense reward

for ObjectNav as it does for point goal navigation. It introduces an “ExploreTillSeen”

reward scheme, which provides an exploration bonus, calculated as the percentage change

in explored area of a 2D floor map, until the target object occupies more than 3% of

the vision sensor’s frame. They experiment with sparse success, dense geodesic, sparse

with exploration, and “ExploreTillSeen” reward schemes. The ExploreTillSeen reward is

described by equation (2.58)
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r =rslack +


rexpl∆%explored until goal seen

rgoal seen first time goal is seen

−∆geo + Srsuccess otherwise

(2.58)

where ∆geo is the change in geodesic distance between the agent and target object, ∆%explored

is the percentage change in area explored, S ∈ {0, 1} is the success flag, rexpl = 25,

rgoal seen = 3, rsuccess = 10, and rslack = −0.01. The change in exploration percentage is

obtained by projecting the agent’s view onto a 2D floor map of the environment and calcu-

lating the ratio of area observed at least once. It is worth noting that the exploration term

can be considered an episodic intrinsic bonus, and its computation could be substituted

for methods mentioned in section 2.2.4. This reward scheme greatly reduces the sparsity

of positive rewards thanks to exploration bonuses as well as the “goal seen” term.

It is shown that dense geodesic rewards overfit the training episodes, the sparse re-

ward agent fails to learn, the sparse with exploration scheme achieves similar results to

the dense reward agent, and the ExploreTillSeen reward scheme somewhat reduces the

train/test generalization gap. Additionally, the generalization gap is further reduced by

limiting observations to depth and goal segmentation. The agent is trained on-policy with

decentralized distributed proximal policy optimization (DD-PPO) without advantage nor-

malization. Finally, the training set is augmented by inserting new objects into training

scenes as a pre-training phase before fine-tuning on the challenge scenes. This further im-

proves validation and test performances and shows that increasing the quantity of distinct

training scenarios improves generalization.
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THDA is fourth in the 2021 Habitat challenge leaderboard with an SPL of 0.089 and

success rate of 0.214.

Habitat-Web

Ramrakhya et al. [33] use imitation learning from over 80 thousand human examples of

completing the ObjectNav task, which incidentally provides a human benchmark for the

Habitat 2021 challenge. Humans are able to achieve a 93% success rate and a 0.43 SPL

when attempting the Habitat 2021 ObjectNav challenge. This highlights the issue of SPL

being used as an efficiency metric for what’s largely an exploration problem. The agent

uses a PointNav pretrained ResNet50 [2] for depth observations, two ResNet18s for RGB

observations and the semantic segmentation output of a pretrained RedNet [65], the agent’s

pose, and the semantic goal exists feature (as described in [20]).

The agent is trained using inflection weighted imitation learning [70] where trajectories

are weighted by the inverse inflection frequency, calculated as the ratio of total actions

in an “expert” trajectory, N , to the number of agent inflections (sequentially different

actions), nI . For all trajectories T ∈ {τi}Ni=1, the cross-entropy loss is characterized as

L(θ) =
N∑
i=1

∑
(st,at)∈τi

−wt log(πθ(at|st)) (2.59)

where the inverse inflection frequency, wt, is
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wt =


N/nI at 6= at−1

1 otherwise,

(2.60)

at is the action, and st is the observation at timestep t.

The Habitat-Web agent obtains a success rates of 0.278/0.55 and SPLs of 0.099/0.22

on the 2021/2022 ObjectNav Habitat challenges respectively. The vast performance dif-

ferences between the two challenges suggest a difficulty reduction in the 2022 Habitat

challenge, likely due to the reduced number of target objects.

PONI

In [71], Ramakrishnan et al. use potential functions to estimate where to explore. Similar

to the SemExp agent [38], the PONI agent is composed of a semantic mapping module,

and uses a fast-marching policy [64] to reach long term goals. Dissimilar to the afore-

mentioned approach, a potential function network, consisting of a U-Net [72] encoder, an

area potential U-net decoder, and an object potential U-net decoder, is trained offline on

semantic maps of the MP3D and Gibson datasets. The semantic map datasets are gener-

ated using Semantic MapNet [73] and computing ground truth potential functions. The

area potential is calculated by grouping unexplored free cells into connected components

and associating each component to the map frontiers. Then, for each frontier, the area

potential is computed as the sum of areas of connected cells associated with the frontier,
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normalized by the total free space. The object potential function depends on the geodesic

distance between a frontier location, x, and the target object category, ot.

U o
t (ot, x) = max

(
1− dg(ot, x)

dmax
, 0.0

)
(2.61)

where dg is the geodesic distance between x and ot, and dmax is the distance at which U o
t

decays to zero, which is chosen by validation experiments.

During evaluation, the two potential maps are linearly combined and the cell with

the maximum potential is selected as the long term goal, which is reached following a

fast-marching policy.

PONI reaches 0.200 success rate and 0.088 SPL on the 2021 Habitat challenge leader-

board.

Offline Visual Representation Learning

Offline visual representation learning (OVRL) learns visual representations on the Om-

nidata starter dataset [74] using a DINO [75] teacher-student network configuration. The

learnt teacher network becomes the encoder layer of RGB observations, while depth ob-

servations are preprocessed by a frozen point goal navigation trained ResNet50 [2]. These

encoded features, along with goal and pose information are forwarded through their respec-

tive linear network layers and fed to a recurrent GRU network. The output is fed through

another fully connected layer which outputs the agent’s actions. The agent is trained using

imitation learning in a similar manner to Habitat-Web [33].
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OVRL obtains 0.249 success rate and 0.083 SPL on the 2021 Habitat Challenge.

AllenAct ResNet18

The baseline agent from [76] uses a frozen, ImageNet trained ResNet18 network to pre-

process agent RGB-D observations. A peculiar method of embedding depth information is

achieved by tiling to form a 3 channel observation that is fed to the frozen preprocessing

network. Notably, this approach does not rely on pose sensing or semantic segmentation.

The model receives a RGB image, the target object (i.e., the goal), and a depth image.

The RGB image is encoded into a 512x7x7 tensor, I, by an ImageNet trained ResNet18

model without pooling and classification layers. The depth frame is tiled and is also fed to

the frozen ResNet18 to form the tensor, D. The goal is used to index a trainable embedding

matrix and form a 32-dimensional goal embedding G. I and D are then compressed by

their respective two layer CNNs to form D′ and I ′, each with dimensions 32x7x7. The

vector G is tiled to a shape of 32x7x7 and concatenated with I ′ and D′. These two 64x7x7

tensors are passed through another two-layer CNN, each resulting in a 32x7x7 shape, and

are concatenated. The result is passed through another two layer compressing CNN and

flattened, forming a 1568 goal-conditioned visual embedding that is passed into a 1-layer,

512 dimensional GRU. The recurrent output is fed to the policy network πθ(at|st) and

value network Vφ(st) where θ and φ share parameters. Figure 2.3 illustrates the agent

architecture.
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Figure 2.3: The AllenAct ResNet18 agent architecture illustrated2.

The agent is trained using DD-PPO over multiple multi-GPU nodes using the Allen

Act framework [76] and is able to achieve 0.1133 SPL and 0.2632 success rate on the

2021 RoboTHOR challenge test dataset. This is remarkably less than the performance

on the validation set — roughly 10% less. This depicts a sizeable distribution difference

between test and validation sets. In [5], where a similar method is used, discrepancies

when using ImageNet trained networks in simulation versus their real world counter parts

are illustrated via a dimensionality reduction evidencing a source of the sim-2-real gap.

EmbCLIP

Khandelwal et al. [34] use a similar model architecture for learning policies and value

functions as AllenAct ResNet18. It differs in that a fixed CLIP ResNet50 [31] embedding

network is used as a preprocessing layer, which extracts richer visual features compared to

the ImageNet pretrained ResNet18. Moreover, this agent operates only using RGB sensory

information.

2Retrieved from version v0.3.1 of [76]
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The EmbCLIP agent obtains 0.2004 SPL and 0.4701 success rate on the 2021 RoboTHOR

challenge, indicating how simply improving the richness of visual features can vastly im-

prove performance. EmbCLIP also performs relatively well on the 2021 Habitat challenge

(especially considering only RGB sensing is used) with an SPL of 0.078 and success rate

of 0.181.

ProcTHOR

As is often noted in ObjectNav approaches, generalization error between training and vali-

dation scenes remain a barrier to achieving greater success rates and SPL scores in unseen

environments. Deitke et al. [77] improve generalization error by procedurally generat-

ing 10000 environments by varying layouts, objects, lighting and materials in Unity [62].

They perform an ablation study evaluating the effect of increasing the training scenes and

demonstrate state-of-the-art zero-shot test success rate and SPL on multiple THOR based

challenges. It is worth noting that the limited, although still remarkable, zero-shot perfor-

mance when transferring to the Habitat 2022 challenge is likely due to differing simulated

environments; Habitat uses the Matterport 3D dataset while RoboTHOR and other THOR

based challenges use Unity. The ablation study is in agreement with [78] where increasing

training levels reduce generalization error. Performance is further improved after fine tun-

ing the network on their respective challenge datasets. EmbCLIP agents are trained using

DD-PPO as in [34] for 423 million steps during pre-training and 29 and 220 million steps

during fine tuning for RoboTHOR and HM3D respectively.

The ProcTHOR agent once fine-tuned can obtain 0.6515 success rate and 0.2884 SPL
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on the RoboTHOR challenge environment, and obtain 0.54 success rate and 0.32 SPL on

the 2022 Habitat challenge leaderboard.

Summary

This section provided an overview of different approaches to the ObjectNav problem and

common themes are apparent. A large portion of approaches to the Habitat challenge rely

on semantic segmentation and, optionally, the construction of 2D semantic maps. Despite

the appealing nature of incorporating priori knowledge into the pipeline of ObjectNav

agents, it is unclear to what degree the predicted and ground truth semantic segmentation

error will prove an obstacle. Errors in constructing 2D maps, semantic masks, and agent

pose can also be challenging, especially considering that indoor pose estimation is a non-

trivial problem in itself.

Reward schemes in all approaches commonly include a success term, rsuccess, to reward

completing the task, and a slack term, rslack, to encourage trajectory efficiency. The success

term commonly ranges between 5 and 10 and is rewarded upon success, while rslack is often

between -0.01 and -0.0001 and is applied at each timestep. These values are small as the

goal is not to completely inhibit exploration. The geodesic distance between the agent and

target object (∆geo) is often included in the reward schedule to deal with reward sparsity

in the ObjectNav task. The overall ObjectNav reward can be formulated as

r = rslack + rsuccess − wgeo ·∆geo (2.62)

where wgeo weights the geodesic reward.
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Certain challenges associated with ObjectNav are tackled in the approaches mentioned

in this section. Feature richness is one challenge in which solutions attempt to extract rich

features to be used when formulating a policy. Exploration is another challenging aspect

to ObjectNav which is inherent due to sparse positive rewards. Finally, one of the main

challenges in ObjectNav is generalization, be it to simulated or physical environments.

All methods described have some form of feature extraction from the raw sensory inputs.

The approaches in [20,21,33,38,69,71] rely on semantic segmentation and, optionally, 2D

semantic maps or SGE. Yadav et al. [79] and Ramrakhya et al. [33] make use of pre-trained

point goal navigation ResNet50 networks [2] while Khandelwal et al. [34] and Deitke et

al. [77] use CLIP ResNet50 preprocessors.

A subset of reinforcement learning approaches recognize the sparsity of positive rewards

in the ObjectNav task and employ different methods to mitigate the problem. Ye et al. [20]

use both a count-based exploration reward with a tethered policy to encourage exploration

along with auxiliary tasks. Maksymets et al. [21] employ the “ExploreTillSeen” reward

scheme which computes the percentage change in the explored 2D semantic map as an

exploration bonus. Ramrakhya et al. [33] also approach the sparse reward problem using

behavior cloning.

Another subset of methods make note of the generalization gap between training and

validation/test datasets. Maksymets et al. [21] highlight that geodesic rewards can overfit

the agent to training scenes and that both data augmentation and feature dimension-

ality reduction improves generalization. ProcTHOR provides an ablation study similar

to [78] highlighting zero-shot performance on challenge datasets after pre-training on vary-

ing numbers of procedurally generated indoor scenes. Each of these results highlight the
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size limitations of challenge datasets.

Table 2.1 provides a brief overview of ObjectNav approaches while tables 2.2 to 2.5

compare performances on different ObjectNav challenges3. The top performers are also

listed although their citations are absent. Note that comparisons between performances on

different challenge datasets are not trivial given the differences in their respective simulated

environments. For example, the target object classes and their initial distances from the

agent vary greatly between RoboTHOR, MP3D and HM3D datasets.

3Performance entries were retrieved on 2022-09-01 from their respective online leaderboards:
Habitat 2020: https://aihabitat.org/challenge/2020/
Habitat 2021: https://eval.ai/web/challenges/challenge-page/802/leaderboard/2195
Habitat 2022: https://eval.ai/web/challenges/challenge-page/1615/leaderboard/3899
RoboTHOR: https://leaderboard.allenai.org/robothor objectnav/submissions/public
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Table 2.1: ObjectNav approach comparison table.

Method Sensing Preprocessing Segmentation & Mapping Planning Training

SemExp [38]

RGB-D

Pose

Goal

—
Mask R-CNN

2D Occupancy

Target Point Goal

Policy Network

FMM [64]

Supervised

PPO

RedRabbit [20]

RGB-D

Pose

Goal

—
RedNet

SGE
Policy Network

RedNet fine-tune

PPO w/ Aux-Tasks

Tethered Policy

Stubborn [69]

RGB-D

Pose

Goal

—

RedNet

SGE

2D Occupancy

Clockwise Explore

FMM [64]

RedNet fine-tune w/

Naive Bayes

THDA [21]

RGB-D

Pose

Goal

— RedNet Policy Network

DD-PPO

ExploreTillSeen

Data Augmentation

Habitat-Web [33]

RGB-D

Pose

Goal

ResNet50 [2] RedNet Policy Network Imitation Learning

PONI [71]

RGB-D

Pose

Goal

—
Mask R-CNN

2D Occupancy

Max-Potential Point Goal

FMM [64]
Supervised

OVRL [79]

RGB-D

Pose

Goal

ResNet50 [2] — Policy Network Imitation learning

AllenAct ResNet18 [76]
RGB

Goal
ResNet18 [30] — Policy Network DD-PPO

EmbCLIP [34]
RGB

Goal
CLIP [31] — Policy Network DD-PPO

ProcTHOR [77]
RGB

Goal
CLIP [31] — Policy Network

DD-PPO

Data Augmentation

Table 2.2: Habitat 2020 ObjectNav leaderboard.

Method Test Success Test SPL

SemExp [38] 0.25 0.10
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Table 2.3: Habitat 2021 ObjectNav leaderboard.

Method Test Success Test SPL

IL-HD+RL-FT 0.337 0.146

Habitat-Web (IL-HD) [33] 0.278 0.099

Stubborn [69] 0.237 0.098

TreasureHunt [21] 0.214 0.089

PONI [71] 0.200 0.088

OVRL [79] 0.249 0.083

EmbCLIP [34] 0.181 0.078

RedRabbit [20] 0.237 0.062

Table 2.4: Habitat 2022 ObjectNav leaderboard.

Method Test Success Test SPL

Stretch (Semantic Map + Frontier) 0.60 0.34

IL-HD+RL-FT 0.65 0.33

ProcTHOR [77] 0.54 0.32

Habitat-Web (IL-HD) [33] 0.55 0.22

Table 2.5: RoboTHOR 2021 ObjectNav leaderboard.

Method Test Success Test SPL

ProcTHOR Fine Tune [77] 0.6515 0.2884

EmbClip [34] 0.4701 0.2004

AllenAct ResNet18 [76] 0.2632 0.1133
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Chapter 3: End-to-End Object Goal Navigation with

Proximal Policy Optimization

The previous chapter reviewed the literature relevant to reinforcement learning (RL) in

object goal navigation (ObjectNav), and highlighted challenges that are faced when solving

the task. Crucial problems to address include feature representation, generalization on

test scenes, and sparse positive rewards. This chapter will empirically demonstrate these

aforementioned issues in the RoboTHOR 2021 challenge with its corresponding baseline

agent. Furthermore, it will present an ablation study to gain insight on components of

the baseline, and propose modifications that improve success and trajectory efficiency in

unseen environments while balancing the trade-off between training time and performance.

To this effect, end-to-end on-policy embodied agents are trained and evaluated on this

ObjectNav task. The baseline AllenAct model is adopted initially to demonstrate the

challenges faced in the task, and to propose a modified agent based on empirical evidence.

Experiments are conducted varying the observation space, action space, normalization

techniques, reward schemes, and training hyperparameters to evaluate the capabilities

of RL trained agents during ObjectNav. The agents implement the ResNet18 baseline

architecture from [76] since it does not rely on semantic segmentation nor pose estimations,

which are subject to noise in physical environments.

Although the ResNet18 features are not without their own limitations in regard to their

utility in ObjectNav — as will be highlighted in this chapter — they are useful in reducing

observation dimensionality in a lightweight manner, improving memory usage and training

time.
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Section 3.1 provides an analysis on the RoboTHOR challenge dataset and its object

class distributions across episodes. Section 3.2 details the ResNet18 AllenAct agent and

identifies limitations, particularly in a short run of 10 million steps. Section 3.3 presents an

ablation study of the different components of the baseline agent and proposes a modified

agent that improves validation metrics and reduces the generalization barrier present in

this task, while also constraining training time. The resulting agent is trained with the

full 6-action space, red-green-blue (RGB) observations, no geodesic dense reward, and 50M

environment interactions.

3.1 RoboTHOR 2021 Dataset

As mentioned in section 2.3.1, the RoboTHOR 2021 challenge dataset is constructed from

examples of real apartments and replicated in the Unity real-time game engine [62]. The

modalities available to the LoCoBot agent in this simulated environment are RGB-D.

Additionally, RoboTHOR defines 12 target object classes and consists of 89 scenes which

are split into 60 train, 15 validation, 10 standard test scenes and 4 development test scenes.

Episodes in this dataset have a maximum duration of 500 environment interactions and

consist of a starting point in a scene, target object and a shortest path length.

The simulated LocoBot agent takes discrete actions such that move forward actions

displace the robot in steps of 0.25m, and rotation actions rotate the agent in steps of 30◦.

These step sizes are stochastic and the environment is continuous. That is, the agent does

not snap to positions on a grid of the scene.

In this thesis, experiments are conducted on the training and validation sets since
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the test sets are used for submissions to the RoboTHOR leaderboard1and do not allow

for evaluating success within the simulated environment. Episodes are evenly split per

object, and episode difficulty is established based on the 20th and 60th percentiles of

shortest path lengths between the target objects and the agent’s initial positions. That is,

the scenarios with the top 20% of shortest path lengths to target objects are considered

“easy”, the scenarios between the 20th and 60th percentiles of shortest paths are considered

“medium”, and the episodes within the 60th and 100th percentiles of shortest path lengths

are considered “hard”.

Although the overall dataset may be split evenly over all objects, it is worth determining

if there is an underlying bias towards some objects being “easier” to learn. This bias may

present itself in the shortest path lengths per object class in the training dataset, or in the

number of confounding goal classes in close proximity of the target. A target class with

shorter path lengths or with less confounding objects near it is expected to be “easier” to

learn.

The difficulty per target class for the training dataset is detailed in table 3.1 and

indicates a variance between different object classes. Additionally, table 3.2 shows the

number of episodes with confounding goal objects in close proximity of the target.

The two tables seem to suggest that the Television is the easiest target to learn, but it is

unclear for the other classes how much one factor might impact training over another. It is

clear that the object classes are not evenly distributed with respect to shortest path lengths

and the frequency of confounding targets in proximity. This is likely a characteristic of

1The RoboTHOR leaderboard can be found at the following link:
https://leaderboard.allenai.org/robothor objectnav/submissions/public
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ObjectNav tasks given that several target objects are more likely to be found together.

For example, smaller goals are often found in proximity of a desk, whereas garbage cans

are frequently placed on the floor in isolation.

Table 3.1: Occurrences of target objects and episode difficulties.

Difficulty Apple AlarmClock Vase Bowl SprayBottle BasketBall GarbageCan Television Mug Laptop HousePlant BaseballBat

Easy 1722 1612 1755 1890 1588 1785 1590 1983 1767 1882 1821 1719

Medium 3673 3914 3875 3523 3688 3731 3445 3523 3649 3389 3629 3647

Hard 3605 3474 3370 3587 3724 3484 3965 3494 3584 3729 3550 3634

Table 3.2: Occurrences of confounding target objects in proximity (0.2m).

Object Apple AlarmClock Vase Bowl SprayBottle BasketBall GarbageCan Television Mug Laptop HousePlant BaseballBat

Apple 0 1800 1800 0 0 0 0 0 5400 0 1800 0

AlarmClock 1800 0 0 0 0 0 0 0 0 0 0 0

Vase 1800 0 0 0 0 0 0 0 5400 0 0 0

Bowl 0 0 0 0 3600 0 0 0 3600 0 0 0

SprayBottle 0 0 0 3600 0 0 0 0 0 0 1800 0

BasketBall 0 0 0 0 0 0 0 0 0 0 0 0

GarbageCan 0 0 0 0 0 0 0 0 0 0 0 0

Television 0 0 0 0 0 0 0 0 0 0 0 0

Mug 5400 0 5400 3600 0 0 0 0 0 0 1800 0

Laptop 0 0 0 0 0 0 0 0 0 0 0 0

HousePlant 1800 0 0 0 1800 0 0 0 1800 0 0 0

BaseballBat 0 0 0 0 0 0 0 0 0 0 0 0

Figure 3.1 provides samples of the object classes encountered in the RoboTHOR dataset

and shows some examples of confounding objects in proximity.
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Television & BasketBall Vase HousePlant & Mug & Bowl

GarbageCan BaseballBat Apple

AlarmClock & Vase Laptop SprayBottle & HousePlant

Figure 3.1: RoboTHOR object class examples

Figure 3.2 illustrates the distribution of shortest path lengths for the training and

validation datasets of the RoboTHOR challenge for the HousePlant and AlarmClock object

classes. In the case of the HousePlant class, the validation dataset contains a higher

percentage of scenarios with short path lengths when compared to the training dataset.
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In contrast, the reverse is true for the AlarmClock class — it is the training dataset that

contains a greater proportion of episodes with short path lengths. These discrepancies

can contribute to greater generalization errors between training and validation scenarios.

However, Deitke et al. [77] demonstrate that this problem can be mitigated by pretraining

an ObjectNav agent in a dataset two orders of magnitude larger than the RoboTHOR

training dataset.

Figure 3.2: Distribution of episode shortest path lengths in the RoboTHOR training and
validation datasets for the HousePlant (left) and AlarmClock (right) object class.

3.2 AllenAct ResNet18 Baseline

The AllenAct ResNet18 [76] agent is selected as the baseline for the RoboTHOR chal-

lenge. It led the corresponding leaderboard until EmbCLIP [34], which simply replaces the

ResNet18 feature extraction layer with a CLIP ResNet50 [31]. The EmbCLIP agent is not

used as the baseline for the experiments presented in this thesis since it was published in
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late 2021 to 2022. By this time, most of the experiments for this thesis had already been

completed.

3.2.1 The Original Baseline

The AllenAct ResNet18 baseline observes RGB and tiled depth frames that have been re-

sized, cropped and normalized using the ImageNet dataset’s [30] RGB means and standard

deviation. It is worth noting that this method of pre-processing depth frames is unusual

and the depth streams omission is investigated in section 3.3.2. The RGB and depth ob-

servations are then processed by the ResNet18 [26] feature extraction layer which outputs

two 512x7x7 tensors, I and D, while the goal is embedded into a 32x7x7 dimensional em-

bedding, G. Both I and D are fed through CNN blocks and concatenated with G. Both

streams are then passed through another convolutional block before being concatenated.

The resulting tensor is fed through another convolutional block followed by a GRU net-

work. This final tensor is fed to the policy and value function networks. Further details

on the network architecture can be found in section 2.3.3.

The baseline agent referenced in the AllenAct leaderboard2 is trained using decentral-

ized distributed proximal policy optimization (DD-PPO) [2], a variant of proximal policy

optimization (PPO) that scales up across multiple GPU nodes in a distributed system.

PPO is an on-policy RL algorithm that has been demonstrated to obtain impressive per-

formances on a range of tasks while attaining a shorter wall-clock time relative to other RL

2The AllenAct ResNet18 baseline referred to in this thesis is from
https://leaderboard.allenai.org/robothor objectnav/submissions/public and the implementation de-
tails refer to version v0.3.1. [76].
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algorithms. The PPO algorithm is described by algorithm 2.3 in appendix B.1, however

several variations are commonly seen across its implementations. Namely, value loss and

gradient clipping, entropy loss bonuses, and advantage normalization are all methods often

applied to PPO. Gradient and loss clipping along with advantage normalization are used

to stabilize training, while entropy bonuses encourage policy exploration. The version of

PPO used in the original baseline makes use of these techniques; however, Andrychowicz

et al. [80] empirically demonstrate that the aforementioned normalization method might

not provide improvement.

The training algorithm uses normalized advantages which are estimated via generalized

advantage estimation (GAE) [52]. Advantages are computed as

A
(k)
t =

k−1∑
l=0

γlδVt+l (3.1)

δVt =rt + γV (st+1)− V (st) (3.2)

A
GAE(γ,λ)
t =(1− λ)(A

(1)
t + λA

(2)
t + λ2A

(3)
t . . . ) (3.3)

=
∞∑
l=0

(γλ)lδVt+l (3.4)

where A
GAE(γ,λ)
t is the generalized advantage estimate, δVt is the temporal difference (TD)

residual, rt is the reward function (equation (3.7)), A
(k)
t is the k step discounted sum

of temporal difference (TD) residuals, V (st) is the value prediction, γ is the discount

factor, λ is the advantage exponential weight coefficient, and t denotes the timestep. This

formulation of the advantage resembles TD(λ) value function estimates. The policy and
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overall loss functions become

Jπ(θ) = min

(
π(st, at, θ)

π(st, at, θold)
At, clip

(
π(st, at, θ)

π(st, at, θold)
, 1− ε, 1 + ε

)
At

)
(3.5)

J (θ, θv) = E
[
Jπ(θ)− cV (V (st)− V̂ (st, θv))

2 + ceH
]

(3.6)

where π is the policy action distribution, θ and θv denote the policy and value function pa-

rameters respectively, ε is the clipping coefficient, At is the generalized advantage estimate,

V (st) is the value function target (calculated as the discounted return), V̂ (st) is the value

function prediction, cV is the value loss coefficient, ce is the entropy bonus coefficient, and

H is the entropy of agent action distributions.

The baseline reward schedule used is

r = rslack + Srsuccess − wgeo ·∆geo (3.7)

where rslack = −0.01 at each timestep, rsuccess = 10, S ∈ {0, 1} indicates success, wgeo = 1

and ∆geo is the change in geodesic distance from the target object at each environment

interaction.

3.2.2 Alterations to the Baseline

The baseline PPO configuration used in this thesis follows the configuration of the AllenAct

ResNet18 baseline [76], with minor modifications to adapt training to a single workstation

with fewer GPU resources. The main alteration compared to the original baseline pertains

to the different version of PPO used; the original baseline uses DD-PPO across multiple
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GPU nodes, which hastens training time, while the experiments presented in this thesis

use PPO (i.e., without the decentralized distributed implementation).

The PPO configuration details and hyperparameters used can be found in table 3.3.

The agent is trained for 10M environment interactions. Although this is a relatively short

number of steps compared to the original AllenAct baseline, the performance in the short

run can still demonstrate challenges encountered in ObjectNav and provide a baseline to

improve upon. The rollout size, batch size, minibatch size, and number of parallel workers

are adapted to suit the hardware used to train the ObjectNav agent. The rest of the PPO

hyperparameters are kept the same as the original baseline.

Table 3.3: PPO hyperparameters.

Hyperparameter Value

Learning rate 3e-4

Learning rate decay [3e-4, 3e-6]

Discount factor γ 0.99

GAE λ 0.95

# SGD epochs 4

Value function coefficient 0.5

Entropy coefficient 0.01

PPO clipping 0.1

Gradient clipping 0.5

Value function clipping 0.1

Rollout size 258

Batch size 8192

Minibatch size 512

Advantage normalization On

Max Interactions 10M

# parallel workers 32
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3.2.3 Experiments

The ResNet18 agent is trained over roughly 10 million (10002432 since environment inter-

actions are a multiple of the batch size hyperparameter) interactions in the RoboTHOR

2021 challenge training dataset and evaluated on the validation set following the configura-

tion described in section 3.2. The experiments are run on a 32 core, 64 thread workstation

with an Nvidia RTX 2080 graphical processing unit (GPU) for environment simulation and

an RTX 2060 SUPER for agent model inference and backpropagation on losses.

The Ray RLlib [81] v1.2 framework is used to train the ObjectNav agent and the

RoboTHOR challenge environment is adapted to the OpenAI Gym framework [82]. This

enables efficient parallelization across actors and allows for the customization of RL al-

gorithms within the framework. Additionally, the framework is flexible in using different

neural network backend libraries like PyTorch [83] and Tensorflow [84].

Each training iteration of PPO collects a batch of trajectory information that is com-

posed of one rollout per parallel worker. Rollouts can contain multiple full or incomplete

trajectories that amount to a predefined size of environment interactions. Hence, the batch

size is a multiple of the rollout size, and the total number of environment interactions col-

lected are a multiple of the batch size. During backpropagation, the overall batch size

is split into mini-batches for training on GPUs with an Adam optimizer [44]. After each

training iteration, the learning rate is decayed using a linear schedule between maximum

and minimum learning rates. Checkpoints are taken during training and later tested on

the validation set.

Figure 3.3 demonstrates the training dynamics over roughly 10 million environment in-
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teractions along with validation performances on agent model checkpoints taken after the

500th, 1000th, and final training iterations. Note that an iteration involves training the

agent on a batch size (8192 in this case) of environment interactions; hence, the checkpoint

at iteration n corresponds to the checkpoint after n batches of environment interactions. As

mentioned in section 2.3.2, the metrics tracked are the success rate and success weighted by

path length (SPL), measuring the agent’s ability and efficiency in completing the Object-

Nav task. The figure shows that the validation success curve steadily increases to 12.33%.

Hence, validation performance may still increase with continued training.

It should be noted that there is an interplay between the learning rate decay and the

number of interactions during training. Section 3.3.4 demonstrates this phenomenon when

increasing the number of environment interactions used for training. It should also be noted

that the training metrics reported relate to the training iteration’s batch of environment

interactions on a subset of training scenes, while the validation metrics correspond to

performances on the entirety of the validation dataset.
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Figure 3.3: Training and validation curves of the baseline agent trained for 10M environ-
ment interactions.

Table 3.4 shows that the Television and HousePlant target classes were learnt almost to

completion during training, while the remaining objects were almost entirely unsuccessful.

As highlighted in section 3.1, the dataset seems to have a bias towards the “easier” Tele-

vision episodes; although HousePlant episodes did not clearly show this same level of bias.

Hence, the performance in both these classes are not attributable solely to the RoboTHOR
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dataset’s object distributions across episodes.

Table 3.4: Performance metrics of the baseline agent trained for 10M environment inter-
actions.

Object Train success rate Train SPL Val success rate Val SPL

AlarmClock 0.0000 0.0000 0.0133 0.0130

Apple 0.0000 0.0000 0.0200 0.0193

BaseballBat 0.0714 0.0714 0.0267 0.0233

BasketBall 0.0345 0.0345 0.0200 0.0198

Bowl 0.0000 0.0000 0.0133 0.0133

GarbageCan 0.0278 0.0278 0.0467 0.0404

HousePlant 1.0000 0.5683 0.6000 0.2595

Laptop 0.0000 0.0000 0.0333 0.0333

Mug 0.0000 0.0000 0.0467 0.0389

SprayBottle 0.0000 0.0000 0.0067 0.0067

Television 0.9348 0.5373 0.6333 0.2487

Vase 0.0000 0.0000 0.0200 0.0133

Difficulty Train success rate Train SPL Val success rate Val SPL

Easy 0.3382 0.1313 0.2555 0.1209

Medium 0.2171 0.1318 0.1104 0.0530

Hard 0.1773 0.1366 0.0614 0.0353

All episodes 0.2249 0.1337 0.1233 0.0608

It is possible that the difference in object performances could be a consequence of the

ImageNet trained ResNet18 feature extraction layer. The ImageNet dataset has roughly

1.4M images pertaining to 1000 classes, which include several varieties of plant species and

ball types but do not include baseball bats. EmbCLIP [34] has already shown that using

a similar agent with a CLIP ResNet50 feature extraction module instead of the ImageNet

trained ResNet18 performs much better on the RoboTHOR challenge 2021 dataset. This

shows that even though the feature representation models share a similar network archi-

tecture, one enables much better transfer learning for the ObjectNav task than the other.

Although the performance of the EmbCLIP model is improved with CLIP [31] feature

representation, the scope of this thesis focuses on evaluating solutions to the sparsity of

rewards in ObjectNav against an appropriate baseline.
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Television and HousePlant are the classes which drive overall performance and demon-

strate validation success rates of 63% and 60% respectively. The gap between their val-

idation and training success rates are roughly 30% and 40%, respectively. This suggests

that, once the agent has successfully learnt to find the object in the training set, the

generalization error still remains large.

Table 3.4 also shows that a larger distance between the target and the agent’s initial

position (“higher difficulty”) leads to lower success rates in the training and validation

sets. However, the training SPL remains mostly constant as the difficulty increases, which

suggests that the agent is not finding the target objects via an exploratory policy but

rather by memorizing paths. In contrast, validation SPLs and success rates decrease as

difficulty increases, which is expected due to the impact of sparse rewards.

Finally, the generalization gap between training and validation metrics can be extracted

from table 3.4 and computed, as mentioned in section 2.3.2. Success rate generalization

error reaches 8.27%, 10.66%, and 11.59% across easy, medium and hard difficulties, respec-

tively. SPL generalization errors show greater sensitivity to episode difficulties, with rates

of 1.04%, 7.88%, and 10.13% for easy, medium and hard difficulties, respectively. Larger

generalization errors point to the agent overfitting to training episodes.

3.3 Baseline Ablation Study and Proposed Agent

Given the limitations faced in the original baseline, as discussed in section 3.2.3, an ablation

study of different components of the baseline is presented in this section to provide insight
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into their effects on validation performance metrics. This includes an analysis of each

component’s effect on object class and episode difficulty performance metrics. The empir-

ical observations in this section guide the design choices made when proposing an agent

that shows better success and trajectory efficiency in unseen environments (via validation

success rate and SPL metrics) while reducing inference and training time.

Embodied agents are trained varying the reward scheme, agent observations, action

space, total training environment steps, and advantage normalization. The latter two

components may be considered generally related to the RL algorithm used, whereas the

former three are specific to the ObjectNav problem. To this effect, section 3.3.1 evaluates

the impacts of removing geodesic dense rewards from the reward scheme, section 3.3.2

investigates RGB only sensing, section 3.3.3 explores whether 4-action agents can improve

performance by reducing the tasks complexity, section 3.3.4 demonstrates how learning rate

annealing influences learning dynamics, and section 3.3.5 evaluates the benefit of advantage

normalization for this task. Finally, section 3.3.6 formally describes the proposed agent

architecture and section 3.3.7 evaluates that agent against a baseline that is trained for an

equal number of environment interactions.

As mentioned in section 2.3.2, training and validation metrics are shown for success rate

and SPL. In addition, tables show performance metrics across different target objects and

episode difficulties, and bar charts provide easy comparisons to other agents presented in

this chapter. Comparing an agent’s performance over target objects provides some insight

on the number of objects learnt, while comparisons made with respect to episode difficulty

evaluate the effects of reward sparsity on the respective agents.

The experiments follow the same setup mentioned in section 3.2.3, and alterations made
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to the baseline configuration are adopted serially, such that each successive experiment

builds on those that are presented before it. The reader is to assume that the agents

presented in this section use the baseline configuration described in section 3.2.3 unless

otherwise specified. That is, the use of geodesic rewards, RGB-D observations, a full 6

action space, and advantage normalization. The proposed agent in section 3.3.6 is trained

using PPO for 50M steps without geodesic rewards, without depth sensing, and without

advantage normalization, and uses the default 6-dimensional action space. As of writing

this thesis, the literature has not provided a demonstration of such a configuration on an

ObjectNav task.

3.3.1 Geodesic Reward Removal

Maksymets et al. [21] highlight that the geodesic dense reward (∆geo in equation (3.7))

results in poor generalization when applied to ObjecNav. This reward, which penalizes

actions that increase the distance to the target object, provides an inhibitory signal when

exploratory policies are followed. This is despite the use of a slack penalty (rslack in

equation (3.7)), which also penalizes the agent’s actions at each timestep to encourage

efficiency in the agent’s trajectory. As evidenced by the human benchmark obtained in [33],

humans obtain a SPL of roughly half the success rate, highlighting the exploratory nature

of the problem. As such, the reward schedule is modified by removing the geodesic reward

while maintaining other hyperparameters constant, in order to evaluate whether such a

bonus is necessary or beneficial.

Figure 3.4 illustrates the overall training dynamics and validation performance at three
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model checkpoints for baseline agents trained with and without geodesic dense rewards.

Checkpoints are relatively infrequent since inference on the whole validation dataset is

time consuming, which explains the inflection points in the validation curves. The results

suggest that training without geodesic rewards leads to similar training metrics by the end

of training, but reduces generalization error.
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Figure 3.4: Training and validation curves of the baseline agent trained with and without
dense geodesic rewards for 10M environment interactions.
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Table 3.5 shows performance metrics across target classes and difficulties. Table 3.4

previously showed an overall generalization gap of 10.16% for the baseline agent. Now, ta-

ble 3.5 shows the baseline agent trained without geodesic rewards reduces the gap to 6.45%.

Table 3.5 also shows that the success rate generalization gap still persists for learnt objects;

however the agent now partially learns other objects (e.g. BasketBall and GarbageCan)

instead of memorizing the Television and HousePlant, as observed section 3.2.3.

Table 3.5: Performance metrics of the baseline agent trained without the geodesic reward
for 10M environment interactions.

Object Train success rate Train SPL Val success rate Val SPL

AlarmClock 0.0513 0.0256 0.0200 0.0067

Apple 0.0588 0.0441 0.0867 0.0690

BaseballBat 0.1364 0.1235 0.0200 0.0043

BasketBall 0.4000 0.2504 0.2400 0.1367

Bowl 0.0500 0.0454 0.0733 0.0518

GarbageCan 0.2955 0.1806 0.2067 0.1461

HousePlant 0.7660 0.5130 0.4400 0.2217

Laptop 0.0732 0.0616 0.1133 0.0746

Mug 0.0962 0.0925 0.0600 0.0511

SprayBottle 0.0189 0.0171 0.0267 0.0244

Television 0.6364 0.3624 0.4533 0.2058

Vase 0.0566 0.0314 0.0200 0.0165

Difficulty Train success rate Train SPL Val success rate Val SPL

Easy 0.5308 0.3135 0.4313 0.2247

Medium 0.1888 0.1429 0.1104 0.0713

Hard 0.0381 0.0311 0.0249 0.0167

All episodes 0.2112 0.1406 0.1467 0.0841

Figures 3.5 and 3.6 compare validation metrics of the baseline agents trained with and

without geodesic rewards. Figure 3.5 shows that the validation success rates with Television

and HousePlant classes drop significantly, likely due to decreased success in hard scenarios.

Figure 3.6 shows that omitting the geodesic reward when training the AllenAct baseline

results in more success in episodes with shorter path lengths to the target object (i.e lower

level of difficulty), but achieves worse metrics for more difficult episodes. Validation SPL
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in easy and medium episodes also improved, likely due to the agent successfully learning

to find targets in close proximity without much exploration.

Figure 3.5: Object class validation success rate comparison between baseline agents trained
with and without geodesic rewards.

Figure 3.6: Episode difficulty validation metrics comparison between baseline agents
trained with and without geodesic rewards.

Since removing the geodesic reward improves overall validation metrics, the agent pro-

posed in section 3.3.6 drops the geodesic reward. The experiments that follow in this

ablation study also do not use geodesic rewards.
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3.3.2 RGB-D vs RGB

As shown in figure 2.3, the observation processing step of the baseline AllenAct agent tiles

depth frames into three channels and maps the result as an RGB tensor via the ImageNet

trained ResNet18 model. Refer to section 2.3.3 for a detailed description of the AllenAct

ResNet18 agent. This process applied to depth frames is suspicious, as the ResNet18 model

was never trained on depth images and the pixel distribution per image varies greatly from

depth sensing. In contrast, the EmbCLIP agent [34] does not make use of depth sensing.

As such, the benefit of depth observations are explored in this thesis by experimenting

with RGB-only agents, potentially reducing training and inference time by not rendering

depth frames. The agent’s architecture is trimmed down, removing the depth stream and

its network relevant components, as illustrated in figure 3.7. This agent architecture is

hereon referred to as the RGB ResNet18.

Figure 3.7: The RGB ResNet18 agent architecture.

Figure 3.8 compares the training and validation curves of agents trained with and

without the depth modality (and no geodesic rewards as per section 3.3.1). The agent

endowed with depth (Baseline no Geo.) achieves slightly greater training metrics and
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validation success throughout training, but obtains slightly lower validation SPL after

10M environment interactions. The curves also demonstrate an increasing trend in both

training and validation metrics, suggesting further training could improve each agent’s

results for each metric.
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Figure 3.8: Training and validation curves of baseline and RGB ResNet18 agents trained
without geodesic rewards for 10M environment interactions.

Table 3.6 reports on the depth-absent agent’s performance across difficulties and ob-
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ject classes. The agent obtains a 5.85% overall success generalization gap, which is not

significantly different from the 6.45% its RGB-D counterpart obtained (from table 3.5).

Table 3.6: Performance metrics of RGB ResNet18 agent trained without the geodesic
reward for 10M environment interactions.

Object Train success rate Train SPL Val success rate Val SPL

AlarmClock 0.0851 0.0697 0.0133 0.0067

Apple 0.1818 0.1458 0.1600 0.1144

BaseballBat 0.0455 0.0324 0.0267 0.0241

BasketBall 0.3000 0.2020 0.2200 0.1070

Bowl 0.1053 0.0849 0.0533 0.0515

GarbageCan 0.2895 0.1843 0.2333 0.1582

HousePlant 0.5111 0.3542 0.3533 0.1906

Laptop 0.0811 0.0590 0.1200 0.1129

Mug 0.0286 0.0286 0.0733 0.0633

SprayBottle 0.0909 0.0859 0.0267 0.0221

Television 0.4706 0.3098 0.3267 0.1698

Vase 0.0652 0.0652 0.0533 0.0433

Difficulty Train success rate Train SPL Val success rate Val SPL

Easy 0.5000 0.3181 0.4038 0.2363

Medium 0.2105 0.1662 0.1140 0.0837

Hard 0.0262 0.0224 0.0116 0.0063

All episodes 0.1968 0.1409 0.1383 0.0887

Figures 3.9 and 3.10 compare validation metrics of the baseline agent trained with and

without geodesic rewards, as well as the RGB ResNet18 agent trained without geodesic

rewards. Figure 3.9 shows the RGB-only agent’s validation success decreaces significantly

on the HousePlant and Television classes while improving success on the Apple class.

Differences in other object classes are marginal when compared to the RGB-D agent trained

without geodesic rewards. Figure 3.10 shows the RGB-only agent is less successful but

more trajectory efficient (i.e. greater SPL) in medium and easy episodes. That said,

the performance differences between RGB and RGB-D agents trained without geodesic

rewards with respect to the target class or episode difficulty could be attributed to the

variance between runs. When comparing the training times of both actors (20.58h for the
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RGB agent vs 34.33h for the RGB-D agent), the 67% increase in training time outweighs

the slight overall validation success improvements demonstrated by including the depth

stream. Furthermore, the RGB agent is lighter — that is, it has fewer hyperparameters

and has lower memory requirements as a consequence of omitting depth observations and

the corresponding depth processing stream of the agent. As a result, the depth modality

is dropped from subsequent experiments, including the proposed agent in section 3.3.6.

Figure 3.9: Object class validation success rate comparison between baseline, baseline no
Geo., and RGB ResNet18 no Geo. agents.

Figure 3.10: Episode difficulty validation metrics comparison between the baseline, baseline
no Geo., and RGB ResNet18 no Geo. agents.
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3.3.3 Reduced Action Space

Reducing an agents action space can improve the performance and wall clock training time

in RL tasks by reducing their complexity. In ObjectNav, these benefits can be achieved

as long as an agent can successfully view goal objects with a fixed camera horizon. Ye et

al. [20] experiment with 4-action agents in the Habitat 2021 challenge and obtain agents

that can perform well; however, policies that are allowed the full action space obtain

better performances on validation and test sets. Nonetheless, the potential benefit in the

RoboTHOR dataset remains to be evaluated; hence experiments are conducted in this

thesis removing the vertical camera rotation actions (look-up 30◦ and look-down 30◦) from

the default 6-action agent, and fixing the camera horizon of the agent parallel to the ground

at 0◦. As mentioned in section 2.3.1, the original full action space is: move-forward 0.25m,

turn-left 30◦, turn-right 30◦, look-up 30◦, look-down 30◦, stop.

Figure 3.11 illustrates the training and validation performance of 4 and 6-action RGB

ResNet18 agents trained without geodesic rewards. Although the 4-action agent’s training

curve shows improved training success, it shows marginal improvements in validation, indi-

cating a greater generalization gap. Furthermore, the 4-action agent’s lower final validation

SPL indicates the agent is less efficient in its trajectories.
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Figure 3.11: Training and validation curves of 6 and 4-action RGB ResNet18 agents trained
without geodesic rewards for 10M environment interactions.

Table 3.7 reports the 4-action agent’s performance across episode difficulties and object

classes, and shows the overall success rate generalization error continues to be present

(6.23%).
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Table 3.7: Performance metrics of the 4-action RGB ResNet18 trained without geodesic
rewards for 10M environment interactions.

Object Train success rate Train SPL Val success rate Val SPL

AlarmClock 0.0294 0.0294 0.0067 0.0067

Apple 0.2778 0.1698 0.1200 0.0832

BaseballBat 0.1176 0.0891 0.0067 0.0033

BasketBall 0.4412 0.2427 0.2133 0.1151

Bowl 0.1395 0.0990 0.0533 0.0420

GarbageCan 0.2703 0.1400 0.2733 0.1652

HousePlant 0.4419 0.2280 0.4467 0.2213

Laptop 0.1463 0.0863 0.1000 0.0668

Mug 0.0698 0.0698 0.0733 0.0505

Television 0.3800 0.1582 0.3400 0.1375

SprayBottle 0.0556 0.0556 0.0400 0.0330

Vase 0.0244 0.0244 0.0200 0.0200

Difficulty Train success rate Train SPL Val success rate Val SPL

Easy 0.5421 0.2664 0.4121 0.2107

Medium 0.1508 0.1075 0.1080 0.0702

Hard 0.0482 0.0312 0.0232 0.0108

All episodes 0.2034 0.1167 0.1411 0.0787

Figures 3.12 and 3.13 compare the validation metrics of the 6-action baseline and RGB

ResNet18 agents presented thus far (tables 3.4 to 3.6) against the 4-action RGB ResNet18

agent. While the 4-action RGB ResNet18 agent obtains a marginally improved validation

success rate when compared to its 6-action counterpart, its overall SPL decreases, indi-

cating lower trajectory efficiency. However, the validation performance metric differences

between the 4 and 6-action RGB ResNet18 agents are relatively small and may be explained

by the variance between runs. As such, reducing the action space does not demonstrate

a clear improvement in either task completion or trajectory efficiency. Hence, the action

space remains untouched for future experiments, and it is to be assumed that the full 6

actions available to the agent are used for the remainder of this thesis.
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Figure 3.12: Object class validation success rate comparison between the 6-action agents
(Baseline, Baseline no Geo., RGB ResNet18 no Geo.) and the 4-action RGB ResNet18 no
Geo. agent.

Figure 3.13: Episode difficulty validation metrics comparison between the 6-action agents
(Baseline, Baseline no Geo., RGB ResNet18 no Geo.) and the 4-action RGB ResNet18 no
Geo. agent.

3.3.4 Increasing Environment Interactions

Given the relative brevity of 10M environment interactions in comparison with the 170M of

the RoboTHOR challenge baseline, the relationship between the number of environment
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steps and performance is explored. Increasing environment interactions should improve

training and validation metrics as well as highlight the influence of learning rate decay

during optimization. The environment interactions are increased to 20M and 50M to

investigate the influence of learning rate decay on training dynamics, while constraining

wall clock time.

As expected, figure 3.14 shows a clear benefit to training the agent for longer periods

of time. However, since the learning curves become flatter, it is also evident that the

rate of improvement in both success and SPL is greatly reduced when increasing training

time. This is likely influenced by a decreased slope in learning rate decay, coupled with

the Adam optimizer [44] which uses a momentum component in its parameter updates. A

range of research has investigated learning rate schedules when optimizing neural networks.

Andrychowicz et al. [80] indicate that learning rate decay improved performance in four

of five RL tasks, although the benefit was minimal. Smith [85] demonstrates that learning

rate decay as well as cyclical learning rates can help in supervised learning. Gulde et al. [86]

show improved performance with PPO using both triangular and exponentially decreasing

cyclical learning rates. While such a detailed study is beyond the scope of this thesis, the

experiments demonstrated in this section suggest that research into learning rate schedules

may provide further insights in their application to RL tasks, including ObjectNav.
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Figure 3.14: Training and validation curves of RGB ResNet18 agents trained without
geodesic rewards and for 10M, 20M, and 50M environment interactions.

Table 3.8 compares performance metrics between agents trained for 10, 20, and 50

million steps. While increasing training time demonstrates improved overall training and

validation metrics, it also shows that the generalization gap increases with training in-

teractions (5.85% @10M, 9.86% @20M, 11.33% @50M). This suggests that the agent is

increasingly overfitting to scenarios in the training dataset as more environment interac-
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tions are afforded to it.

Table 3.8: Performance metrics of RGB ResNet18 agents trained for 10M, 20M, and 50M
steps without the geodesic reward.

Object RGB ResNet18 no Geo. @10M RGB ResNet18 no Geo. @20M RGB ResNet18 no Geo. @50M

Success rate SPL Success rate SPL Success rate SPL

Train | Val Train | Val Train | Val Train | Val Train | Val Train | Val

AlarmClock 0.0851 | 0.0133 0.0697 | 0.0067 0.0882 | 0.0267 0.0805 | 0.0100 0.0513 | 0.0267 0.0512 | 0.0229

Apple 0.1818 | 0.1600 0.1458 | 0.1144 0.2439 | 0.1400 0.1538 | 0.0989 0.2830 | 0.1467 0.1849 | 0.1073

BaseballBat 0.0455 | 0.0267 0.0324 | 0.0241 0.0625 | 0.0067 0.0104 | 0.0000 0.0000 | 0.0333 0.0000 | 0.0332

BasketBall 0.3000 | 0.2200 0.2020 | 0.1070 0.6889 | 0.4333 0.4111 | 0.2150 0.5000 | 0.2533 0.3662 | 0.1407

Bowl 0.1053 | 0.0533 0.0849 | 0.0515 0.0455 | 0.0667 0.0409 | 0.0519 0.1667 | 0.0600 0.1627 | 0.0532

GarbageCan 0.2895 | 0.2333 0.1843 | 0.1582 0.3696 | 0.2933 0.2432 | 0.1752 0.4909 | 0.3133 0.2676 | 0.1991

HousePlant 0.5111 | 0.3533 0.3542 | 0.1906 0.3611 | 0.2867 0.1874 | 0.1468 0.6200 | 0.5600 0.3657 | 0.2684

Laptop 0.0811 | 0.1200 0.0590 | 0.1129 0.1591 | 0.1133 0.1124 | 0.0902 0.2059 | 0.1467 0.1406 | 0.1278

Mug 0.0286 | 0.0733 0.0286 | 0.0633 0.1250 | 0.0667 0.1046 | 0.0599 0.1429 | 0.0867 0.1141 | 0.0742

SprayBottle 0.0909 | 0.0267 0.0859 | 0.0221 0.0333 | 0.0867 0.0000 | 0.0562 0.0238 | 0.0400 0.0238 | 0.0399

Television 0.4706 | 0.3267 0.3098 | 0.1698 0.3684 | 0.3133 0.1934 | 0.1431 0.7544 | 0.5933 0.4240 | 0.2628

Vase 0.0652 | 0.0533 0.0652 | 0.0433 0.3182 | 0.0200 0.2293 | 0.0199 0.0500 | 0.0267 0.0417 | 0.0225

Difficulty Train | Val Train | Val Train | Val Train | Val Train | Val Train | Val

Easy 0.5000 | 0.4038 0.3181 | 0.2363 0.5568 | 0.4121 0.2892 | 0.2154 0.6142 | 0.4615 0.3070 | 0.2709

Medium 0.2105 | 0.1140 0.1662 | 0.0837 0.2849 | 0.1357 0.2030 | 0.0875 0.2952 | 0.1657 0.2224 | 0.1045

Hard 0.0262 | 0.0116 0.0224 | 0.0063 0.0397 | 0.0249 0.0277 | 0.0145 0.1214 | 0.0614 0.0968 | 0.0285

All episodes 0.1968 | 0.1383 0.1409 | 0.0887 0.2530 | 0.1544 0.1571 | 0.0889 0.3039 | 0.1906 0.1945 | 0.1127

Figures 3.15 and 3.16 compare the validation metric differences between the agents

trained for 10, 20 and 50 million environment interactions. These figures show that perfor-

mance metrics across object class and episode difficulty generally increase as environment

interactions are increased. However, there are some target classes that perform better with

less training interactions (e.g, BasketBall @20M > BasketBall @50M). These differences

suggest that performance differences between one object and another are difficult to at-

tribute to a single cause, although the number of objects that are learnt past a certain

threshold can still show an agent’s ability to learn multiple objects.
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Figure 3.15: Object class validation success rate comparison of RGB ResNet18 agents
trained for 10, 20, and 50 million environment interactions without geodesic rewards.

Figure 3.16: Episode difficulty validation metrics comparison of RGB ResNet18 agents
trained for 10, 20, and 50 million environment interactions without geodesic rewards.

The training time for the 10M, 20M and 50M trained agents are roughly 21h, 37h and

86h respectively, indicating that the tradeoff between performance and training time for

this RL task is not linear. The baseline’s leaderboard benchmark for the RoboTHOR 2021

challenge was trained for 170M environment interactions, which would require unreasonably

long training times per agent run in this thesis due to using PPO instead of DD-PPO (due
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to a lack of GPUs). However; it is worth noting that the agent trained for 50M environment

interactions obtains over half the validation success rate of the leaderboard baseline (19.06%

vs 35.11%) with less than a third of the training experience. Although more benefits may

be achieved by extending training, the experiments presented for the remainder of this

thesis are capped to 50M environment interactions to constrain the wall clock time per

experiment.

3.3.5 Advantage Normalization

Andrychowicz et al. [80] highlight a minimal difference between agents trained with and

without advantage normalization. Advantage normalization is often applied per mini-batch

and is a common implementation detail in multiple reinforcement learning libraries such as

AllenAct [76] and Stable-Baselines3 [87]. Since there may be a limited benefit to applying

such a normalization technique, its removal from the PPO algorithm is experimented with.

Figure 3.17 illustrates the training dynamics and validation curves of RGB ResNet18

agents trained with and without advantage normalization and without geodesic rewards

for 50M environment interactions. Both the training and validation curves demonstrate

an increasing trend throughout training without much difference between the two. The

differences in validation performance are small enough that they could be due to the

variance between runs.
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Figure 3.17: Training and validation curves of RGB ResNet18 agents trained with and
without advantage normalization for 50M environment interactions without geodesic re-
wards.

Table 3.9 shows the performance metrics of the agent trained without advantage nor-

malization across object classes and episode difficulties. It shows an overall success gener-

alization gap of 12.6%, which is close to the 11.3% obtained by its counterpart that was

trained with advantage normalization for the same amount of training interactions (@50M

from table 3.8).
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Table 3.9: Performance metrics of the RGB ResNet18 agent trained without the geodesic
reward or advantage normalization for 50M environment interactions.

Object Train success rate Train SPL Val success rate Val SPL

AlarmClock 0.0690 0.0643 0.0267 0.0200

Apple 0.2647 0.1955 0.1600 0.1059

BaseballBat 0.0714 0.0714 0.0467 0.0386

BasketBall 0.7429 0.4758 0.3933 0.1649

Bowl 0.2069 0.1751 0.0467 0.0364

GarbageCan 0.4444 0.2970 0.3333 0.2021

HousePlant 0.7619 0.4895 0.5267 0.2635

Laptop 0.0857 0.0578 0.1400 0.1056

Mug 0.1389 0.1299 0.0733 0.0636

SprayBottle 0.1282 0.1078 0.0533 0.0446

Television 0.8387 0.4889 0.5733 0.2475

Vase 0.0541 0.0541 0.0267 0.0265

Difficulty Train success rate Train SPL Val success rate Val SPL

Easy 0.5952 0.3647 0.4698 0.2629

Medium 0.3369 0.2456 0.1801 0.1007

Hard 0.1500 0.1071 0.0647 0.0303

All episodes 0.3260 0.2227 0.2000 0.1099

Figures 3.18 and 3.19 compare the RGB ResNet18 agent trained with and without

advantage normalization and without geodesic rewards for 50M environment interactions.

It shows that improvements with the BasketBall class accounts for most of the differences

when omitting the normalization technique. However; as mentioned in section 3.3.4, com-

parisons between degrees of success on specific object classes remains difficult to attribute

to a single cause. Figure 3.19 shows that validation performances across episode difficulty

are also limitedly impacted by the use of advantage normalization. Both agents trained

with and without advantage normalization achieve over half the overall validation success

rate with less than a third of the training experience when compared to the AllenAct

ResNet18 baseline’s benchmark listed on the RoboTHOR 2021 challenge leaderboard (val-

idation success rate of 35.11% @170M environment interactions). Given the limited impact

of using advantage normalization when training the RGB ResNet18 agent, it is omitted
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when training the agents presented in chapter 4.

Figure 3.18: Object class validation success rate comparison of RGB ResNet18 agents
trained with and without advantage normalization and without geodesic rewards.

Figure 3.19: Episode difficulty validation metrics comparison of RGB ResNet18 agents
trained with and without advantage normalization and without geodesic rewards.

3.3.6 Ablation Summary and Proposed Agent

Sections 3.3.1 to 3.3.5 report on an ablation study of different components of the AllenAct

ResNet18 baseline. The reward scheme, observation space, action space, environment
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interactions, and RL normalization technique were investigated to gain insight on how

they effect ObjectNav success rate and SPL overall, as well as across object classes and

episode difficulty. The findings can be summarized as:

• Geodesic reward removal

– increases validation success rate in easy and medium episodes but decreases

success in hard scenarios;

– reduces validation metrics in Television and HousePlant object classes, but im-

proves those metrics in GarbageCan and BasketBall classes;

– improves overall validation success rates and SPL.

• Depth observations stream removal

– slightly reduces the overall validation success rate while minimally improving

validation SPL;

– reduces training time by 40% by reducing the processing requirements on the

hardware used to train the agent.

• Action space reduction

– improves training curves but marginally impacts validation metrics, which in-

creases the generalization gap;

– negligibly increases validation success rate and reduces validation SPL.

• Increasing environment interactions
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– improves performance metrics when increased from 10 to 50 million interactions,

but flattens learning curves, likely due to interactions with the learning decay

hyperparameter and Adam optimization technique.

• Advantage normalization

– demonstrates minimal impact on the ObjectNav agent’s learning.

All agents presented in the ablation study demonstrate significant levels of generaliza-

tion error in the objects that they learn, indicating that this still remains an issue. This is

despite some agents showing improved validation metrics overall.

The RGB ResNet18 agent presented in section 3.3.5 is trained without geodesic rewards

and without advantage normalization, and considers only RGB input. It is a culmination

of the ablation study performed on the baseline AllenAct ResNet18 agent and is proposed

as a leaner ObjectNav agent that obtains increased overall validation performance metrics.

These improvements are achieved by removing dense geodesic rewards from the reward

schedule, and removing the depth stream from the agent’s model architecture but preserv-

ing a 6-action space and a compromised training over 50M environment interactions. The

agent’s reward schedule is described by

r = rslack + Srsuccess (3.8)

where rslack = −0.01, rsuccess = 10, and S ∈ {0, 1} indicates success.

Its architecture is illustrated in figure 3.7, which only relies on RGB and target object

observations. The model first processes RGB observations with a fixed ResNet18 net-
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work [26] trained on ImageNet [24]. The resulting 512x7x7 tensor, I, is then compressed

with a two layer convolutional neural network (CNN), with kernel sizes of 128x1x1 and

32x1x1 respectively, and ReLU activations, forming the 32x7x7 tensor, I ′. A target object

embedding is formed via an embedding layer and is then tiled to form G, a 32x7x7 goal

tensor. This tensor is concatenated with I ′, and fed to another compression CNN. The

resulting 32x7x7 tensor is flattened and fed to a 1-layer, 512 dimensional gated recurrent

unit (GRU). The recurrent output is fed to linear layers πθ(at|st) (the policy) and Vφ(st)

(the state value function), where θ and φ represent the parameters of the respective linear

layers. This architecture resembles the EmbCLIP agent [34], but differs in preprocessing

network.

The proposed agent maintains the default action space: move-forward 0.25m, turn-left

30◦, turn-right 30◦, look-up 30◦, look-down 30◦, stop. This agent is constrained to 50M

environment interactions to limit training time, although training and validation curves

presented in section 3.3.4 show an increasing trend, suggesting that further training could

improve overall performance metrics. The proposed agent is trained using PPO without

advantage normalization, as the inclusion of this normalization technique demonstrates no

benefit. The PPO hyperparameters used are the same as in table 3.3, except that max

interactions are set to 50M, and wgeo is omitted as the geodesic reward is removed. Table

table 3.10 summarizes the differences between the baseline and proposed agents.

Table 3.10: Differences between the baseline agent and proposed agent.

Agent Reward scheme Observation streams Advantage normalization

Baseline r = rslack + Srsuccess − wgeo∆geo RGB-D ResNet18 (figure 2.3) Used

RGB ResNet18 r = rslack + Srsuccess RGB ResNet18 (figure 3.7) Not used
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This agent achieves over half the overall validation success rate with less than a third of

the training experience when compared to the baseline RGB-D ResNet18 benchmark listed

on the RoboTHOR 2021 challenge leaderboard. However; it does have one problem that is

amplified by the modifications made. Namely, it is less successful in sparse reward settings

(i.e. hard episodes) than the baseline agent due to the removal of the dense geodesic

reward, as demonstrated in figure 3.6. Chapter 4 studies this agent further and attempts

to address the sparsity of rewards by incorporating exploration bonuses.

3.3.7 Comparison of Proposed Agent and Baseline

Given that the baseline agent presented in section 3.2 was only trained for 10M environ-

ment interactions, there is still a need to extend this baseline’s training to allow for fairer

comparisons to the agent proposed in section 3.3.6. Hence, the baseline agent is trained for

50M environment interactions to enable fairer comparisons to the RGB ResNet18 agent

trained without geodesic rewards and without advantage normalization. This helps en-

sure that performance improvements are not solely attributable to increased environment

interactions.

Figure 3.20 shows the training and validation curves of performance metrics for both the

baseline agent and the RGB ResNet18 agent trained without geodesic rewards and without

advantage normalization. It demonstrates that the original baseline plateaus roughly after

25M environment interactions while the proposed agent continues an increasing trend in

both success rate and SPL throughout training. The figure also shows that the proposed

agent’s overall validation metrics are significantly greater than the original baseline.
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Figure 3.20: Training and validation curves of the baseline agent and the RGB ResNet18
agent trained without geodesic rewards and without advantage normalization. Each agent
is trained for 50M environment interactions.

Table 3.11 shows the baseline agent’s performance metrics across object class and

episode difficulty. The baseline continues to demonstrate a large generalization gap for

HousePlant and Television classes (28.5% and 41.2% respectively) despite increasing train-

ing. It also shows that the baseline agent mostly learns those two object classes and ignores

others.
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Table 3.11: Performance metrics of the baseline agent trained for 50M environment inter-
actions.

Train success rate Train SPL Val success rate Val SPL

AlarmClock 0.0270 0.0270 0.0067 0.0067

Apple 0.0769 0.0769 0.0267 0.0258

BaseballBat 0.0000 0.0000 0.0200 0.0200

BasketBall 0.0556 0.0334 0.0333 0.0267

Bowl 0.0625 0.0625 0.0133 0.0133

GarbageCan 0.0790 0.0734 0.0467 0.0465

HousePlant 0.9583 0.6993 0.6733 0.3406

Laptop 0.0526 0.0480 0.0200 0.0200

Mug 0.0000 0.0000 0.0267 0.0267

SprayBottle 0.1333 0.1198 0.0133 0.0071

Television 0.9787 0.6827 0.5667 0.2537

Vase 0.0313 0.0313 0.0067 0.0065

Difficulty Train success rate Train SPL Val success rate Val SPL

Easy 0.3053 0.2236 0.2390 0.1212

Medium 0.2700 0.1920 0.1032 0.0574

Hard 0.1648 0.1376 0.0746 0.0449

All episodes 0.2378 0.1781 0.1211 0.0661

Figures 3.21 and 3.22 compare the baseline agent’s validation metrics against those

of the proposed RGB ResNet18 agent trained without geodesic rewards and without ad-

vantage normalization. Figure 3.21 demonstrates that the baseline agent obtains greater

validation success in the HousePlant class while being less successful in all other object

classes when compared to the RGB ResNet18 agent. Figure 3.22 shows that the base-

line agent is more successful in hard episode difficulties, but is worse in easy and medium

difficulty episodes. It should be noted that both agents still struggle with sparse reward

episodes (i.e. hard episodes).
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Figure 3.21: Object class validation success rate comparison between the baseline agent and
the RGB ResNet18 agent trained without geodesic rewards or advantage normalization.

Figure 3.22: Episode difficulty validation metrics comparison between the baseline agent
and the RGB ResNet18 agent trained without geodesic rewards and without advantage
normalization.

Figure 3.23 demonstrates two sample trajectories of the baseline and RGB ResNet18

agent from the validation set of episodes. We can see that both agents are capable of

exploring to locate the Television, but demonstrate short, unsuccessful paths for the Apple

class. This is likely due to the agents learning the Television class well but not learning
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to locate the Apple class. Additionally, the baseline agent has a much more direct path

when searching for the television, while the proposed agent is less direct. This is likely a

consequence of the geodesic reward being omitted from the RGB ResNet18 agent. moti-

vates the investigation of exploration bonuses as an alternative to the geodesic reward to

be conducted in chapter 4.
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Figure 3.23: Television (left) and Apple (right) sample trajectories of baseline and proposed
agents. Green and red dots indicate starting and end points respectively, stars indicate
target location, blue lines indicate agent trajectories, and orange lines indicate the shortest
path. Note that the red dot is hidden under the green dot for the RGB ResNet18 sample
Apple trajectory.
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While the training curves in figure 3.20 suggest the RGB ResNet18 agent will continue

to improve in performance and that the baseline agent will not learn further, it is expected

that the baseline agent reaches the leaderboard benchmark (i.e., 35% validation success

rate) when trained for 170M environment interactions. Hence, it is not guaranteed that the

RGB ResNet18 will outperform the baseline with more training interactions. However, it

is reasonable to predict that the findings of the ablation study hold for greater environment

interactions. Specifically:

• the geodesic reward signal, as demonstrated in section 3.3.1 and by Maksymets et

al. [21], reinforces direct routes to target objects, likely overfitting an agent’s policy

to the training episodes;

• depth observations, as demonstrated in section 3.3.2 and shown by the EmbCLIP

agent [34], are likely not crucial to the baseline;

• the full action space is expected to remain necessary since observing target objects

located at different heights is an important part of the ObjectNav problem;

• and advantage normalization, as demonstrated in section 3.3.5 and supported by

Andrychowicz et al. [80], is expected to not be crucial for agent learning with PPO.

3.4 Summary

This chapter detailed the RoboTHOR 2021 ObjectNav challenge dataset and the baseline

AllenAct ResNet18 agent while demonstrating the challenges of generalization, feature rep-

resentation, and reward sparsity. Section 3.3 described an ablation study on the AllenAct
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ResNet18 baseline and proposed modifications to it with the objective of improving gen-

eralization while considering the impacts on training time. Specifically, it was shown that

removing the geodesic reward improves validation performance within 10M steps, and that

depth sensing provided limited benefits at the cost of a 67% increase in training time. Ex-

tending the span of training from 10M to 20M and 50M environment interactions improves

the overall validation performance, as one might expect, but the learning curves become

flatter such that it takes longer to obtain similar performance metrics. It is conjectured

that this is likely due to the interplay between the annealed learning rate and the Adam

optimizer. Removal of vertical camera rotations shows negligible improvements in success

rate but lowers SPL, while PPO with advantage normalization does not perform much

differently when the normalization technique is omitted for this ObjectNav task. Finally,

the original baseline is run for 50M environment interactions to evaluate the modifications

made to the baseline. It is shown that the proposed RGB ResNet18 agent trained without

geodesic rewards and without advantage normalization performs much better in both suc-

cess rate and SPL in validation episodes. These results lead to the adoption of the RGB

ResNet18 agent that uses the full 6-action space, and is trained without a geodesic dense

reward and without advantage normalization, for 50M environment interactions, which is

further studied in Chapter 4.
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Chapter 4: Object Goal Navigation Using Exploration

Bonuses

The previous chapters sought to identify challenges related to ObjectNav and to propose

a RGB ResNet18 agent that improves validation success rate and success weighted by path

length (SPL) while balancing training time and performance. Still, this agent shows poor

performance as episode difficulty, determined by the shortest path length to the goal,

increases. This illustrates the difficulty of training reinforcement learning (RL) agents in

sparse reward settings. The original baseline [76] partially deals with this issue by utilizing

the reduced geodesic reward bonus, but it comes at the expense of poor generalization,

and poor success with objects other than the Television and HousePlant object classes.

This chapter will seek to mitigate the effects of sparse rewards in the ObjectNav task

by examining exploration intrinsic rewards. Section 4.1 investigates episodic exploration

bonuses and proposes two adaptations of a simplified “ExploreTillSeen” [21] reward scheme

to train the RGB ResNet18 agent proposed in section 3.3.6. Section 4.2 describes the pre-

dictive error bonuses applied to that same RGB ResNet18 agent via random network dis-

tillation (RND) [16] and presents an original “RNDTillSeen” reward scheme. Section 4.3

presents an original “NGUTillSeen” ObjectNav agent trained by combining long-term nov-

elty with episodic curiosity.

4.1 Episodic Exploration

The Red-Rabbit agent [20] attempts to deal with sparse rewards by using auxiliary tasks

and count-based exploration bonuses with a tethered policy. The count-based reward is
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computed by splitting the scene into a two-dimensional grid, and counting the agent’s

occupancy in its current cell. The resulting reward scheme used by the Red-Rabbit agent

is

r = rsuccess + rslack + rexplore (4.1)

rsuccess = 2.5 upon success (4.2)

rslack = −10−4 (4.3)

rexplore = 0.25
dt

v
(4.4)

where d is the decay rate of the exploration term, v is the count of the currently occupied

cell, and t is the current episode step.

Ye et al. [20] further attempt to use the intrinsic curiosity module (ICM) [17] to reward

exploratory behavior but could not yield improved results. Maksymets et al. [21] also use

an episodic exploration bonus in their ExploreTillSeen reward scheme, which is computed

as the change in the percentage of area explored by the agent. The agent’s viewing frustum

is projected onto a two-dimensional map of the scene to calculate the area explored. A

“target seen” reward additionally reduces the sparsity of positive rewards, such that when

the goal class mask occupies more than 3% of the field of view, the agent receives 30% of

the reward for completing the task. The reward scheme is described by equation (2.58).

These approaches make use of episodic exploration bonuses to encourage exploratory

policies by reducing the sparsity of rewards in the ObjectNav task. Given the improve-
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ments enabled by these approaches, episodic rewards are explored by training the RGB

ResNet18 agent presented in section 3.3 with two newly adapted variations of a simplified

ExploreTillSeen reward scheme. Firstly, the manner in which a goal object is considered

“seen” is simplified: the RoboTHOR simulation’s flag for object visibility is used instead

of the object’s corresponding segmentation mask. This approach reduces processing per

environment interaction and is useful given the agent’s lack of a semantic segmentation

modality. The proposed reward schemes differ simply by mode of exploration reward com-

putation. The first uses a fixed auxiliary reward, rdelta, for moving to a new grid cell, which

is computed as the inverse of total cells in a scene. This is a simplification of the original

exploration bonus presented in [21] that reduces processing by eliminating the need to

project the agent’s viewing frustum onto a 2D plane. The second proposes a count-based

computation for exploration bonuses, rcount. This computation is similar to [20], except

for the absence of the decay term, and the inclusion of an exploration ratio that varies by

the number of visitable cells in a scene. The combination of count-based rewards with Ex-

ploreTillSeen reward schedules has not been previously explored in an ObjectNav setting.

The two exploration rewards become

rdelta = rexpl
vt − vt−1

ngrid
(4.5)

rcount =
rexpl

N(x)ngrid
(4.6)

where rexpl is the exploration weight, vt is the number of visited cells at episode timestep,

t, ngrid is the total number of scene grid cells (obtained by segmenting the reachable scene

into a grid of 0.25m by 0.25m cells), and N(x) is the visitation count of cell x, which is

computed in a tabular manner. That is, the more environment steps an agent spends in a
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cell, the smaller the exploration bonus becomes for being in that cell. The proposed delta

and count-based ExploreTillSeen variants are formulated as

r =rslack +


ri until goal is seen

rgoal seen first time goal is seen

−∆geo + Srsuccess otherwise

(4.7)

where S is a binary flag indicating a successful stoppage by the robotic agent, ∆geo is the

geodesic reward and ri ∈ {rdelta, rcount}. It is worth noting that the geodesic reward is only

applied once the agent has “seen” the target object. Maksymets et al. [21] demonstrate

that this reduces generalization error, which is also observed in section 3.3.1 when the

geodesic reward is removed. Furthermore, the exploratory actions are not penalized until

the target object is observed.

The configuration for these episodic reward agents follows the RGB ResNet18 agent

proposed in section 3.3, except in varying the reward scheme to equation (4.7) with the

coefficient values defined in table 4.1. The values for rexpl and rgoal seen were initially

adopted from the original ExploreTillSeen reward scheme, but the large rexpl value (25)

biased the agent towards infinite exploration. This is likely due to the relative scale between

exploration and the success reward. As such, experiments that followed reduced the rexpl

term until such a pure exploration behavior was avoided. The reward scheme coefficients

used in both delta and count ExploreTillSeen variants are shown in table 4.1.
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Table 4.1: Delta and count ExploreTillSeen reward scheme coefficients.

Variable Value

rexpl 5

rgoal seen 3

rsuccess 10

rslack -0.01

Figure 4.1 illustrates the training dynamics and validation performance metrics of RGB

ResNet18 agents trained using three reward schedules: equation (3.8), ExploreTillSeen-

delta, and ExploreTillSeen-count. Both episodic bonus reward variants improve training

and validation curves compared to when they are unused. Furthermore, both variants

present an increasing trend that suggests more environment interactions could yield im-

proved results. Ultimately, the agent trained with the count-based ExploreTillSeen scheme

demonstrates better training and validation performances overall.
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Figure 4.1: Training and validation curves of delta and count ExploreTillSeen agents com-
pared against the RGB ResNet18 agent proposed in section 3.3.6.

Table 4.2 highlights the performance metrics of both delta and count ExploreTillSeen

agents across object type and difficulty. It demonstrates that the delta and count-based

reward schemes result in large overall success generalization gaps of 28% and 26.8%, proving

generalization is still an issue for these agents.

99



Table 4.2: Performance metrics of the delta and count ExploreTillSeen agents’ trained for
50M environment interactions.

Object ExploreTillSeen-delta ExploreTillSeen-count

Success rate SPL Success rate SPL

Train | Val Train | Val Train | Val Train | Val

AlarmClock 0.3636 | 0.0800 0.2190 | 0.0465 0.0000 | 0.0933 0.0000 | 0.0582

Apple 0.8571 | 0.4200 0.3861 | 0.1993 0.7778 | 0.5133 0.5261 | 0.1954

BaseballBat 0.2222 | 0.0267 0.2222 | 0.0133 0.2222 | 0.0400 0.2222 | 0.0344

BasketBall 0.8667 | 0.4800 0.4109 | 0.2311 0.6154 | 0.5533 0.3290 | 0.2318

Bowl 0.3333 | 0.1067 0.1504 | 0.0445 0.0000 | 0.0800 0.0000 | 0.0630

GarbageCan 1.0000 | 0.6200 0.5306 | 0.3237 0.9231 | 0.7133 0.4888 | 0.3447

HousePlant 0.8182 | 0.5067 0.4288 | 0.2355 0.8000 | 0.5867 0.3405 | 0.2299

Laptop 0.6000 | 0.1933 0.3301 | 0.1220 0.8571 | 0.3267 0.5600 | 0.1532

Mug 0.2000 | 0.1200 0.1849 | 0.0930 0.2000 | 0.0933 0.1982 | 0.0734

SprayBottle 0.0714 | 0.1067 0.0714 | 0.0660 0.0000 | 0.0600 0.0000 | 0.0390

Television 0.9000 | 0.5600 0.4553 | 0.2204 0.8571 | 0.6867 0.5065 | 0.2894

Vase 0.0000 | 0.0200 0.0000 | 0.0200 0.4286 | 0.1200 0.3510 | 0.0444

Difficulty Train | Val Train | Val Train | Val Train | Val

Easy 0.7727 | 0.5055 0.3527 | 0.2414 0.8462 | 0.5467 0.5069 | 0.2365

Medium 0.6170 | 0.2569 0.3200 | 0.1316 0.6364 | 0.3037 0.3737 | 0.1464

Hard 0.3922 | 0.1459 0.2383 | 0.0743 0.5000 | 0.2123 0.3020 | 0.0921

All episodes 0.5500 | 0.2700 0.2913 | 0.1346 0.5900 | 0.3222 0.3523 | 0.1464

Table 4.3 summarizes the validation performance across episode difficulties for the base-

line, RGB ResNet18 (from section 3.3.6), and delta and count ExploreTillSeen agents. Note

that the “Baseline @170” metrics in table 4.3 come from the RoboTHOR 2021 leaderboard

while the “Baseline @50M” refers to the baseline presented in section 3.3.7.

Table 4.3: Validation performance comparison between baseline, RGB ResNet18, and delta
and count ExploreTillSeen agents.

Agent Val success rate Val SPL

Easy | Medium | Hard | Overall Easy | Medium | Hard | Overall

ProcTHOR Fine-Tune [77] 0 — 0 | 0 — 0 | 0. — 0 | 0.6639 0 — 0 | 0 — 0 | 0. — 0 | 0.2744

EmbCLIP [34] 0 — 0 | 0 — 0 | 0. — 0 | 0.5222 0 — 0 | 0 — 0 | 0. — 0 | 0.2599

Baseline @170M 0 — 0 | 0 — 0 | 0. — 0 | 0.3511 0 — 0 | 0 — 0 | 0. — 0 | 0.1737

Baseline @50M 0.2390 | 0.1032 | 0.0746 | 0.1211 0.1212 | 0.0574 | 0.0449 | 0.0661

RGB ResNet18 no Geo. & no Adv.Norm @50M 0.4698 | 0.1801 | 0.0647 | 0.2000 0.2629 | 0.1007 | 0.0303 | 0.1099

ExploreTillSeen-delta @50M 0.5055 | 0.2569 | 0.1459 | 0.2700 0.2414 | 0.1316 | 0.0743 | 0.1346

ExploreTillSeen-count @50M 0.5467 | 0.3037 | 0.2123 | 0.3222 0.2365 | 0.1464 | 0.0921 | 0.1464
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Table 4.3 shows that the delta trained variant vastly improves the overall validation

success rates across all difficulties (+3.6 easy, +7.7% medium, +8.1% hard) when compared

to the RGB ResNet18 agent trained without the exploration reward scheme. This agent

shows an even greater performance gap over the baseline agent trained for 50M environ-

ment interactions. As intended, most improvements are in the medium and hard difficulty

episodes, proving that the delta ExploreTillSeen reward scheme mitigates the challenge of

sparse positive rewards. The count-based ExploreTillSeen agent shows even further im-

provements across difficulties when compared to the delta ExploreTillSeen scheme: +4.12%

on easy, +4.7% on medium, and +6.64% on hard episodes. Hence, the count-based Ex-

ploreTillSeen agent demonstrates the best performance in all difficulties when compared

to agents trained for the same number of environment interactions (50M).

When comparing the count-based ExploreTillSeen agent to the original AllenAct base-

line agent listed on the RoboTHOR 2021 leaderboard, the validation success rate falls

within 3%1. Thus, the count-based ExploreTillSeen agent obtains comparable results to

the original baseline while experiencing less than a third (50M steps) of the environment

interaction (170M in the original leaderboard baseline). The increasing training and valida-

tion curves in figure 4.1 suggest that this gap may be bridged or even surpassed if training

were extended.

It is important to note that the EmbCLIP and ProcTHOR agents obtain even greater

performances by addressing feature representation with the CLIP network. Additionally,

ProcTHOR improves performance by addressing generalization error via pretraining on a

larger dataset of ObjectNav scenes. These agents were published during the writing of this

1According to the RGB+D ResNet18-ImageNet submission’s validation success rate from
https://leaderboard.allenai.org/robothor objectnav/submissions/public

101



thesis and they demonstrate that, aside from reward sparsity, generalization and feature

representation are important problems to address in the ObjectNav task.

Figure 4.2 demonstrates two sample trajectories of the ExploreTillSeen-count agent

in the same validation scenarios presented in figure 3.23. It shows the agent is capable

of locating the Television and Apple while demonstrating exploratory behavior. These

samples contrast figure 3.23, which shows the baseline and RGB ResNet18 agents exhibiting

less exploration, especially for the Apple scenario.

Figure 4.2: Television (left) and Apple (right) sample trajectories of the ExploreTillSeen-
count agent. Green and red dots indicate starting and end points respectively, stars indicate
target location, blue lines indicate agent trajectories, and orange lines indicate the shortest
path.

4.2 Prediction Error Bonuses

As mentioned in section 2.2.4, there are many methods endowing RL agents with intrinsic

curiosity. Burda et al. [59], for example, demonstrated successful policies using an intrinsic
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curiosity module (ICM) in numerous games, especially in those with sparse rewards. This

method computes exploration bonuses as the mean squared error (MSE) between predicted

and observed states while simultaneously training a feature network using inverse dynamics.

In the same vein, random network distillation (RND) computes exploration bonuses as the

MSE between a predictor network and a randomly initialized and fixed oracle network [16].

RND was used at the time it was developed to achieve state-of-the-art performance on

Montezuma’s Revenge, a game with very sparse rewards.

These prediction error bonuses express long-term novelty such that observed states

provide reduced intrinsic rewards as training progresses. Hence, to obtain larger intrinsic

rewards, agents must seek novel states. Both ICM and RND approaches experiment with

combining extrinsic and intrinsic reward streams, as well as only using the latter. They

find that extrinsic rewards could be achieved despite their absence during training. In the

RoboTHOR ObjectNav task, intrinsic-only agents would not be incentivized to find target

objects. As such, this section explores incorporating the two rewards streams using predic-

tion error bonuses via random network distillation, as it demonstrates better performance

on sparse reward tasks in the arcade learning environment (ALE) [9]. Until the time of

writing this thesis, prediction error intrinsic rewards, such as RND, had not been applied

successfully to improve results in the ObjectNav tasks; although Ye et al. [20] remark that

the ICM fails to improve their ObjectNav agent’s performance. The following ObjectNav

agents presented are another attempt to improve agent exploration in this task by using

random network distillation.

The two proposed RND ObjectNav agents augment the RGB ResNet18 with RND.

The first is referred to as the “RND” agent and the second with the newly adapted reward
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scheme is labeled “RNDTillSeen”. Instead of using the episodic bonus reward schemes pre-

sented in section 4.1, the RND agent receives a prediction error bonus for every environment

interaction. Additionally, the RNDTillSeen reward scheme receives a RND prediction error

bonus until the target object is “seen”. Both agents use the RGB ResNet18 architecture

(illustrated in figure 3.7 and the bottom portion of the network in figure 4.3), except that

the ResNet18-processed RGB observations are fed to target and predictor networks, Φ(st)

and Φ̂(st), which are illustrated at the top of figure 4.3. Each of these networks contain

CNNs composed of two convolutional layers joined by LeakyReLU activations. The target

network then follows with one linear layer, whereas the predictor network follows with

three that are joined by ReLU activations. The agent’s overall architecture is depicted in

figure 4.3 with layer widths and intermediate tensor dimensions. All CNN layer strides

and paddings are set to one and zero respectively.

Figure 4.3: Proposed RND ObjectNav agent architecture overview.

Instead of adding intrinsic rewards to the total reward, the value function is split into
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V (s) = VI(s) + VE(s), and the proximal policy optimization (PPO) loss described by

equation (3.6) is adapted to include the prediction MSE, as demonstrated in Burda et

al. [16]. Equation (4.9) shows the inclusion of the prediction MSE (i.e. the (Φ(st)− Φ̂(st))
2

term) in the PPO loss.

Jπ(θ) = min

(
π(st, at, θ)

π(st, at, θold)
A(st), clip

(
π(st, at, θ)

π(st, at, θold)
, 1− ε, 1 + ε

)
A(st)

)
(4.8)

J (θ, θv) = E
[
Jπ(θ)− cV (V (st)− V̂ (st, θv))

2 − (Φ(st)− Φ̂(st))
2 + ceH

]
(4.9)

Split value heads mean that generalized advantage estimation (GAE) now computes two

advantages per reward stream and can apply different discount factors, γI , γE, per stream.

The advantage function becomes A(st) = βIAI(st) + βEAE(st), where βI and βE weight

intrinsic and extrinsic rewards respectively, and AI(st) and AE(st) are the intrinsic and

extrinsic advantages computed via equation (3.4) for their respective reward streams. This

implementation uses an episodic decay factor, d, that reduces intrinsic rewards as an

episode progresses. RND prediction error bonuses are normalized by factoring the run-

ning standard deviation of discounted intrinsic returns, as done in [16]. The intrinsic

reward at step t is computed as:

ri = dt
∑

(Φ(st)− Φ̂(st))
2

n
(4.10)

r̃i =
ri

σ
[∑t

k=0 γ
t−k
i ri

] (4.11)

where ri is the un-normalized intrinsic reward, r̃i is the normalized intrinsic reward, n is the
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output dimension of the RND predictor and target networks, σ is the standard deviation of

the discounted return of target-prediction mean squared errors, and d ∈ [0, 1] is the decay

term.

The hyperparameters used for PPO with RND are shown in table 4.4. The RNDTillSeen

agent also uses the same hyperparameters but does not receive intrinsic rewards once

the target object is observed. The hyperparameters are chosen via trial and error; βI

and d required tuning to avoid pure exploration policies while still benefitting from the

exploration bonus. While γI was kept to match the extrinsic discount factor, βI was initially

set to 0.2, and d was set to 1, which resulted in an agent that only explored. Reducing

βI to 0.1 somewhat reduced this behavior in early training interactions but again resulted

in a pure exploration policy. Finally, d was set to 0.98, decaying intrinsic rewards as an

episode progressed, and resulting in an agent that better balanced intrinsic and extrinsic

rewards. Balancing the two reward streams is not trivial and is an interesting area of

research. However; it is not further explored in this thesis.

106



Table 4.4: PPO and RND hyperparameters.

Hyperparameter Value

Learning rate 3e-4

Learning rate decay [3e-4, 3e-6]

Discount factor γE 0.99

Discount factor γI 0.99

Intrinsic decay rate d 0.98

βE 1

βI 0.1

GAE λ 0.95

# SGD epochs 4

Value function coefficient 0.5

Entropy coefficient 0.01

PPO clipping 0.1

Gradient clipping 0.5

Value function clipping 0.1

Rollout size 258

Batch size 8192

Minibatch size 512

Advantage normalization Off

Max interactions 50M

# parallel workers 32

Figure 4.4 shows the average ri over all environment interactions in a training batch of

experience (equation (4.10)) for both RND and RNDTillSeen agents. This value decreases

during training, showing that the RND predictor network is learning to predict the target

network, but does not decay to zero. This behavior is desired as the agent must adapt its

curiosity bonuses to new experiences while avoiding very low prediction errors that lead to

an uncurious agent.
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Figure 4.4: RND and RNDTillSeen average intrinsic rewards per training batch of experi-
ence.

Figure 4.5 shows the overall training dynamics and validation curves of the RGB

ResNet18, RND, and RNDTillSeen agents. Both prediction error variants obtain greater

success rates but lower SPL, indicating poorer trajectory efficiency. Both RND variants

also demonstrate increasing trend lines, which suggests that more training interactions

could lead to improved results. The RNDTillSeen agent achieves the largest validation

success rates and SPL, but does not reach the same performance as either count-based or

delta ExploreTillSeen agents presented in section 4.1. It suggests that rewarding Object-

Nav agents for covering a greater area instead of observing dissimilar visual states provides

greater benefits in ObjectNav.
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Figure 4.5: Training and validation curves of RGB ResNet18, RND, and RNDTillSeen
agents.

Table 4.5 shows the performances of the prediction error agents over different object

classes and difficulties. As with the delta and count ExploreTillSeen agents, the RND

and RNDTillSeen agents demonstrate significant generalization errors overall (22.2% and

14.6% respectively).
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Table 4.5: Performance metrics of the RND and RNDTillSeen agents trained for 50M
environment interactions.

Object RND RNDTillSeen

Success rate SPL Success rate SPL

Train | Val Train | Val Train | Val Train | Val

AlarmClock 0.2500 | 0.0733 0.2168 | 0.0338 0.0909 | 0.0333 0.0459 | 0.0186

Apple 0.5556 | 0.2667 0.3662 | 0.1600 0.3333 | 0.3667 0.2742 | 0.1653

BaseballBat 0.1667 | 0.0533 0.1614 | 0.0222 0.2000 | 0.0267 0.2000 | 0.0099

BasketBall 0.8000 | 0.4467 0.3670 | 0.1796 0.5000 | 0.5467 0.2600 | 0.2415

Bowl 0.3333 | 0.1200 0.2438 | 0.0669 0.4444 | 0.1000 0.2019 | 0.0627

GarbageCan 0.8333 | 0.5333 0.5864 | 0.2405 0.7500 | 0.6200 0.3190 | 0.2799

HousePlant 0.7273 | 0.4133 0.4483 | 0.1746 0.6667 | 0.4600 0.3519 | 0.2052

Laptop 0.4000 | 0.1733 0.2238 | 0.0847 0.4444 | 0.1800 0.1388 | 0.0882

Mug 0.3000 | 0.1467 0.1927 | 0.0676 0.1250 | 0.1067 0.0951 | 0.0701

SprayBottle 0.0000 | 0.0467 0.0000 | 0.0190 0.1250 | 0.0467 0.0588 | 0.0262

Television 0.6250 | 0.5133 0.3827 | 0.2063 0.7000 | 0.4600 0.4380 | 0.1810

Vase 0.1429 | 0.0733 0.1429 | 0.0328 0.2500 | 0.1000 0.2114 | 0.0385

Difficulty Train | Val Train | Val Train | Val Train | Val

Easy 0.6800 | 0.5632 0.3868 | 0.2247 0.6667 | 0.5522 0.2257 | 0.2114

Medium 0.5128 | 0.2209 0.3411 | 0.1135 0.4130 | 0.2353 0.2788 | 0.1233

Hard 0.2500 | 0.0663 0.1749 | 0.0280 0.1667 | 0.0995 0.1191 | 0.0470

All episodes 0.4600 | 0.2383 0.2927 | 0.1073 0.4000 | 0.2539 0.2181 | 0.1156

Table 4.6 compares the validation metrics of the baseline, RGB ResNet18, RND, and

RNDTillSeen agents. As in table 4.3, the “Baseline @170” metrics in table 4.6 come from

the RoboTHOR 2021 leaderboard. It shows the RND and RNDTillSeen agents improving

validation success rates over the RGB ResNet18 (+3.8% and +5.4% respectively), with

most improvements in easy and medium difficulty episodes. Although success rates improve

for both of the long-term curiosity agents, the SPL barely improves, showing that these

agents are less trajectory efficient. Still, both RND and RNDTillSeen agents improve

validation success rates on both the baseline and RGB ResNet18 agents trained for 50M

environment interactions.
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Table 4.6: Validation performance comparison between baseline, RGB ResNet18 proposed
in section 3.3.6, RND, RNDTillSeen agents.

Agent Val success rate Val SPL

Easy | Medium | Hard | Overall Easy | Medium | Hard | Overall

Baseline @170M 0 — 0 | 0 — 0 | 0. — 0 | 0.3511 0 — 0 | 0 — 0 | 0. — 0 | 0.1737

Baseline @50M 0.2390 | 0.1032 | 0.0746 | 0.1211 0.1212 | 0.0574 | 0.0449 | 0.0661

RGB ResNet18 no Geo. & no Adv.Norm @50M 0.4698 | 0.1801 | 0.0647 | 0.2000 0.2629 | 0.1007 | 0.0303 | 0.1099

RND @50M 0.5632 | 0.2209 | 0.0663 | 0.2383 0.2247 | 0.1135 | 0.0280 | 0.1073

RNDTillSeen @50M 0.5522 | 0.2353 | 0.0995 | 0.2539 0.2114 | 0.1233 | 0.0470 | 0.1156

Both prediction error bonus schemes respectively reach 68% and 72% of the leaderboard

baseline’s validation success rate but with less than a third of the training experience. Given

the increasing trend in training and validation curves shown in figure 4.5, it would still

need to be evaluated whether this gap in performance could be bridged with more training

experience.

Figure 4.6 demonstrates two sample trajectories of the RNDTillSeen agent in validation

scenarios. It shows the agent is capable of locating the Apple but not the Television,

despite the Television validation success rate shown in table 4.5 being greater than that

of the Apple. The trajectories show that the agent is capable of exploratory behavior but

can still be either ineffective at exploring the available area of the scene, or experience

difficulty distinguishing target objects from other object classes.
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Figure 4.6: Television (left) and Apple (right) sample trajectories of the RNDTillSeen
agent. Green and red dots indicate starting and end points respectively, stars indicate
target location, blue lines indicate agent trajectories, and orange lines indicate the shortest
path.

These experiments demonstrate that RND and RNDTillSeen can improve performance

in sparse reward ObjectNav settings, but not to the same extent as the delta and count

ExploreTillSeen reward schemes presented in section 4.1. A possible explanation for this

may be due to the magnitude of intrinsic rewards and the actions that are reinforced. The

delta ExploreTillSeen agent only receives exploration bonuses when moving forward, while

the count-based ExploreTillSeen agent receives a bonus for moving ahead, and a smaller

bonus for rotation actions due to the occupied cell’s count being incremented. The RND

agent receives bonuses for both types of actions, with magnitudes that vary depending on

the RND prediction error. It remains a field of research to investigate how to optimally

balance and scale intrinsic and extrinsic rewards in RL.
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4.3 Episodic and Long-term Novelty

Although the episodic bonuses presented in section 4.1 allow better performances than the

RND intrinsic rewards, both methods still show success rate improvements over the RGB

ResNet18 proposed in section 3.3.6. While RND bonuses change as the agent observes novel

states, both count-based and delta ExploreTillSeen reward schemes reinforce the agent

independently of the quantity or distribution of environment observations. Combining

these two streams of exploration rewards in ObjectNav could couple the benefit of an area

coverage bonus with any improvements obtained by long-term novelty bonuses.

As mentioned in section 2.2.4, the Agent57 [19] and never give up (NGU) [18] agents

demonstrate that incorporating episodic and long-term novelty enhance the agent’s per-

formances in very sparse reward settings. These approaches use other techniques, like the

off-policy recurrent replay distributed deep Q-network (R2D2) [88], with multiple poli-

cies that differ in the magnitude of intrinsic rewards received. Still, their formulation of

intrinsic rewards enables exploratory agents to succeed in difficult sparse reward games.

These agents modulate episodic rewards, which are formulated as a count approximation

using K-nearest neighbors (KNN), with RND prediction errors. Equations (2.53), (2.54)

and (2.56) define the overall intrinsic rewards.

The agent proposed in this section uses a similar approach to combining episodic and

long-term novelty rewards, but modifies how episodic rewards are calculated: KNN episodic

rewards are replaced with count-based ones. This modification means episodic rewards are

computationally efficient and don’t require keeping an episodic memory buffer. Further-

more, the combined exploration bonuses are adapted to propose a new “NGUTillSeen”
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reward scheme for ObjectNav which extends equation (4.7) as

r =rslack +


ri until goal is seen

rgoal seen first time goal is seen

−∆geo + Srsuccess otherwise

(4.12)

ri =rcount ·min(max(α, αmin), αmax) (4.13)

α =1 +
err(Φ(st), Φ̂(st))− µerr

σerr
(4.14)

err(Φ(st), Φ̂(st)) =

∑
(Φ(st)− Φ̂(st))

2

n
(4.15)

where rcount is defined by equation (4.6), err is the mean squared RND prediction error,

µerr and σerr are the mean and standard deviation of the prediction error, Φ and Φ̂ are

the RND target and predictor networks, n is the output dimension of the RND predictor

and target networks, α modulates the episodic rcount reward, and αmax and αmin are the

maximum and minimum α values.

The NGUTillSeen agent is trained following the same network architecture used for

the RND and RNDTillSeen agents, and the hyperparameter configuration is detailed in

table 4.7. Notable differences are the absence of the RND decay rate described in sec-

tion 4.2, and the intrinsic and extrinsic rewards are equally weighted (βI , βE). Similar to

the original implementations of [18,19], α is normalized by its running mean and standard

deviation over training. This is different to the RND bonus normalization method, which

standardizes intrinsic rewards by factoring the standard deviation of discounted intrinsic

returns.
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Table 4.7: PPO and NGUTillSeen hyperparameters

Hyperparameter Value

Learning rate 3e-4

Learning rate decay [3e-4, 3e-6]

Discount factor γE 0.99

Discount factor γI 0.99

βE 1

βI 1

αmax 5

αmin 1

rexpl 5

GAE λ 0.95

# SGD epochs 4

Value function coefficient 0.5

Entropy coefficient 0.01

PPO clipping 0.1

Gradient clipping 0.5

Value function clipping 0.1

Rollout size 258

Batch size 8192

Minibatch size 512

Advantage normalization Off

Max interactions 50M

# parallel workers 32

Figure 4.7 and figure 4.8 illustrate the count-based ExploreTillSeen and NGUTillSeen

agents’ performances throughout training and validation. While figure 4.7 charts overall

metrics, figure 4.8 charts those metrics for each episode difficulty category. Although the

NGUTillSeen agent learns easy, medium and hard scenarios faster in the short run, the
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count-based ExploreTillSeen agent achieves better final validation metrics. Additionally,

the NGUTillSeen agent obtains greater validation SPL throughout training, but eventually

reaches a similar rate as the count-based ExploreTillSeen agent.
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Figure 4.7: Training and validation curves of count-based ExploreTillSeen and
NGUTillSeen agents.
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Figure 4.8: Count-based ExploreTillSeen and NGUTillSeen agents’ training and validation
curves for each episode difficulty.
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Table 4.8 shows the NGUTillSeen agent’s performance metrics across object categories

and episode difficulties. As with the ExploreTillSeen-count agent, the NGUTillSeen agent

shows a large gap between validation and training success rates (30.2%). It also shows

success rates of 100% on the training batch for GarbageCan and Television object classes,

but only 60% and 62.7% validation success for each object respectively. Hence, it is clear

that generalization errors remains an issue for this agent.

Table 4.8: Performance metrics of the NGUTillSeen agent trained for 50M environment
interactions.

Object Train success rate Train SPL Val success rate Val SPL

AlarmClock 0.1667 0.0558 0.0667 0.0485

Apple 0.7778 0.3510 0.4600 0.2114

BaseballBat 0.0000 0.0000 0.0400 0.0361

BasketBall 0.9167 0.4966 0.5133 0.1701

Bowl 0.4444 0.2868 0.0933 0.0424

GarbageCan 1.0000 0.5299 0.6000 0.2829

HousePlant 0.8889 0.5218 0.6133 0.2827

Laptop 0.6667 0.3850 0.2533 0.1209

Mug 0.1667 0.0000 0.1600 0.1289

SprayBottle 0.1429 0.0000 0.0467 0.0361

Television 1.0000 0.5973 0.6267 0.2300

Vase 0.1667 0.1667 0.0333 0.0317

Difficulty Train success rate Train SPL Val success rate Val SPL

Easy 0.7368 0.2624 0.5412 0.2415

Medium 0.6842 0.4047 0.2785 0.1347

Hard 0.4545 0.2707 0.1609 0.0716

Total 0.5941 0.3196 0.2922 0.1351

Table 4.9 compares validation performance metrics between the baseline, RGB ResNet18

(from section 3.3.6), count-based ExploreTillSeen, and NGUTillSeen agents. Note that

the “Baseline @170” metrics in table 4.9 come from the RoboTHOR 2021 leaderboard,

while “Baseline @50” refers to the agent presented in section 3.3.7. Both exploration

agents perform similarly in episodes within the 20th percentile of shortest path lengths,

but the count-based ExploreTillSeen agent performs better in sparser reward episodes.
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The NGUTillSeen agent comes close to the leaderboard baseline benchmark for validation

success rate (less than 6%) and shows an increasing trend in training and validation per-

formance curves. Hence, it is possible that extending this agent’s training further could

reach or surpass the leaderboard baseline’s validation success rate.

Table 4.9: Validation performance comparison between baseline, RGB ResNet18 proposed
in section 3.3.6, ExploreTillSeen-count, and NGUTillSeen agents.

Agent Val success rate Val SPL

Easy | Medium | Hard | Overall Easy | Medium | Hard | Overall

Baseline @170M 0 — 0 | 0 — 0 | 0. — 0 | 0.3511 0 — 0 | 0 — 0 | 0. — 0 | 0.1737

Baseline @50M 0.2390 | 0.1032 | 0.0746 | 0.1211 0.1212 | 0.0574 | 0.0449 | 0.0661

RGB ResNet18 no Geo. & no Adv.Norm @50M 0.4698 | 0.1801 | 0.0647 | 0.2000 0.2629 | 0.1007 | 0.0303 | 0.1099

ExploreTillSeen-count @50M 0.5467 | 0.3037 | 0.2123 | 0.3222 0.2365 | 0.1464 | 0.0921 | 0.1464

NGUTillSeen @50M 0.5412 | 0.2785 | 0.1609 | 0.2922 0.2415 | 0.1347 | 0.0716 | 0.1351

Figure 4.9 demonstrates two sample trajectories of the NGUTillSeen agent in valida-

tion scenarios. It shows that this agent is capable of locating the Television but not the

Apple. Furthermore, the agent demonstrates more direct trajectories compared to the

ExploreTillSeen-count agent’s trajectories shown in figure 4.2.
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Figure 4.9: Television (left) and Apple (right) sample trajectories of the NGUTillSeen
agent. Green and red dots indicate starting and end points respectively, stars indicate
target location, blue lines indicate agent trajectories, and orange lines indicate the shortest
path.

4.4 Summary

This section presented agents trained on reward schemes that incorporate exploration

bonuses to help attain the sparse rewards present in the ObjectNav setting. Episodic

bonuses were employed via the delta and count-based ExploreTillSeen reward schemes,

which substantially improve upon the RGB ResNet18 agent proposed in section 3.3.6.

The count-based variant ultimately achieves a validation success rate within 3% of the

original AllenAct baseline while training for less than a third of the environment interac-

tions. In addition to episodic intrinsic rewards, RND prediction error bonuses were also

explored. Although they do improve validation success over the RGB ResNet18 agent,

they do not provide as much benefit when compared to the schemes employing episodic

intrinsic rewards. Tuning RND and RNDTillSeen agents to appropriately balance intrinsic
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and extrinsic rewards is not trivial. If the intrinsic reward discount factor, γI , weight,

βI , or decay, d, are too large, the agent’s policy becomes purely exploratory and fails to

obtain extrinsic rewards. Hence, research towards appropriately balancing these two re-

ward streams would enable greater use of the RND prediction error bonuses for this and

other RL tasks. Finally, the NGUTillSeen reward scheme, which employs both episodic

visitation counts and long-term novelty via an RND prediction error, obtains a 3% lower

success rate when compared to the count-based ExploreTillSeen agent. This is despite

the agent presenting more exploratory behaviors initially during training. Nonetheless, all

methods demonstrate improved success over the RGB ResNet18 proposed in section 3.3.6,

and the baseline trained for the same amount of environment interactions (50M). This

shows that they are valid for dealing with sparse rewards in the ObjectNav challenge to

varying degrees. The results in this chapter suggest that, of the exploration bonus methods

presented that deal with sparse rewards, the count-based ExploreTillSeen scheme is best

suited for the ObjectNav task.
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Chapter 5: Conclusion

5.1 Summary

This thesis presents on-policy agents trained on the ObjectNav task and provides a sum-

mary of the barriers encountered. An ablation study on the baseline approach to the

RoboTHOR ObjectNav challenge is presented. Insights gained from the study guide the

design of an ObjectNav agent that improves generalization by removing dense geodesic

rewards, and reduces the processing time by limiting sensing modalities to RGB. The em-

pirical justification and evaluation of the new agent configuration is documented and shown

to improve validation performance when compared to the baseline. Then, to ameliorate the

challenge of sparse rewards inherent in the task, this agent is coupled with reward schemes

that use episodic and long-term novelty bonuses to train exploratory agents. These pro-

posed reward schemes build upon an ExploreTillSeen [21] reward schedule, but simplify

some of the computations to reduce processing cost per environment interaction. These

simplifications are original to this work and enable agents without semantic segmentation

to use the proposed reward schemes.

In summary, the proposed count-based ExploreTillSeen reward scheme outperformed

all other agents presented in this thesis and is roughly 3% shy of the RoboTHOR challenge’s

baseline success rate1. Although this performance is worse than the original baseline, it is

achieved while only having to process a third of the overall training steps. Furthermore, the

increasing trend in training and validation curves suggests that further training could bridge

1According to the RGB+D ResNet18-ImageNet submission’s validation success rate from
https://leaderboard.allenai.org/robothor objectnav/submissions/public
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or surpass this gap. The episodic exploration bonuses result in more performant agents

than long-term prediction error bonuses via random network distillation (RND); however,

both types of intrinsic rewards demonstrate improvements over the baseline and the RGB

ResNet18 agents trained for 50 million environment interactions. The NGUTillSeen agent

proposed in this work achieves greater performance in validation scenes in the short run,

but finally comes within 3% success rate of the count-based ExploreTillSeen approach, and

6% of the baseline’s leaderboard entry for the RoboTHOR ObjectNav challenge.

5.2 Contributions

The main contributions of this work are:

• The development and evaluation of a lighter (i.e., less hardware resource intensive)

RGB ResNet18 agent for on-policy ObjectNav in the RoboTHOR environment that

improves success rates in validation scenes (i.e. unseen environments).

• The design and empirical justification of uniquely adapted ExploreTillSeen reward

schemes for ObjectNav that improve the exploration and performance of the modified

baseline. Those schemes are:

– delta and count-based ExploreTillSeen

– RNDTillSeen

– NGUTillSeen
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• The development and application of a RND agent for ObjectNav that augments the

RGB ResNet18 agent to improve the overall validation success rate. The proposed

RND agent is the first demonstration of prediction error bonuses applied to object

goal navigation that shows a benefit in validation success.

5.3 Limitations

One limitation is the number of environment interactions allowed per experiment con-

ducted. ObjectNav approaches commonly use more environment interactions when train-

ing agents. For example, the leaderboard entry for the RoboTHOR challenge baseline

agent reaches peak success rate after 170M environment interactions. In contrast, the

most environment interactions used to train an agent presented in this thesis is 50M envi-

ronment interactions. Since many agents demonstrated increasing trends in their learning

dynamics, the peak possible performance metrics of a given agent configuration may not

have been reached. This would be worth validating in future work on computing systems

with greater hardware resources.

The number of runs per experiment is another limitation in the experiments conducted.

As mentioned in section 2.3.2, machine learning configurations are normally run for multiple

iterations and their averages are reported to account for variance between runs; however,

due to constraints on time and the processing requirements of the simulated environment,

single runs are reported. Leaderboard benchmarks and ObjectNav approaches often report

on their best performing agents. As such, the experiments conducted in this thesis are still

valid to compare against challenge leaderboard benchmarks.

124



5.4 Future Work

Addressing Generalization and Feature Representation

While this work demonstrates improvements in obtaining sparse rewards in the ObjectNav

task, it is but one of the problems to be addressed. Representing observations in a useful

manner plays an important role. As demonstrated in [34], simply changing the RGB feature

extraction layer improves test success rates from 26% to 47%. Deitke et al. [77] show further

improvements to generalization by increasing the dataset size. However, these approaches

rely on the reduced change in distance between the agent and its target object to deal with

sparse rewards. As such, the exploration bonus methods presented in this thesis should be

coupled with approaches to improve generalization and state representation to aggregate

their benefits.

Balancing Intrinsic and Extrinsic Rewards

As demonstrated in this thesis, there is a benefit in combining intrinsic and extrinsic re-

wards for the ObjectNav task; although, grid-searching hyperparameters is neither optimal

nor time-efficient to achieve this. The different reward stream weights and discount factors

affect the tradeoff between exploration and exploitation. Methods such as population-

based training (PBT) [89] and population-based bandits (PB2) [90] efficiently search for

hyperparameters in a number of machine learning tasks and are likely beneficial to bal-

ancing intrinsic and extrinsic reward related hyperparameters. Agent57 and NGU are two

approaches that train a set of policies that vary in discount factors and intrinsic reward
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weights. This enables their approaches to discover policies that adequately explore in a

given task. This remains a field to explore in the context of object goal navigation.

Transfer to Real Environments

This thesis looked to address reward sparsity in the RoboTHOR simulated environment but

did not address the problem of transferring one of the trained agents to the physical world.

The RoboTHOR and Habitat challenges attempt to minimize the potential sim-2-real gap

by building simulated environments modeled from real world equivalents. However, it is

not expected that this problem is fully mitigated in these challenges; hence, the sim-2-real

gap should still be addressed. One way to achieve this is by using a domain randomization

technique, such as automatic domain randomization [3]. This method samples different

simulator physics parameters and perturbs the agent’s actions and observations such that

the learnt policy is robust to the unmodeled characteristics of the real world environment.
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Appendix A: Neural Network Architectures

A.1 Convolutional Neural Networks

A.1.1 LeNet

The convolutional neural network is described in Lecun et al. [23]. The convolution oper-

ation filters an input feature map with a C by k1 by k2 kernel where C is determined by

the channels of the input feature map and the other dimensions are a design parameter. A

kernel is learnt per output feature map, which is computed by sliding each over the volume

of input features. Sub-sampling operations commonly used between convolutional layers

are max, min, or mean pooling.

A.1.2 ResNet

The ResNet architecture introduces residual and bottleneck blocks. Residual blocks consist

of two 3x3 convolutional layers, each outputting 64 feature maps, and residual connections.

Similarly, bottleneck blocks compress input feature maps with a 1x1 convolution layer

before applying a 3x3 kernel and increasing the number of channels with a 1x1 convolution

layer. More information can be found in the original work [26].
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A.2 Recurrent Neural Networks

A.2.1 Long Short-Term Memory

LSTMs contain gating mechanisms to control its two internal states. Cell internal states

and output are described by the following equations:

ft =σ(W fxt + U fht−1 + bf ) (A.1)

c̃t = tanh
(
W c̃xt + U c̃ht−1 + bc̃

)
(A.2)

it =σ(W ixt + U idt−1 + bi) (A.3)

ot =σ(W oxt + U oht−1 + bo) (A.4)

ct =it · c̃t + ft � ct−1 (A.5)

ht =ot � tanh(ct) (A.6)

yt =ht (A.7)

where ct and ht are the hidden states and yt is the output. ft, c̃t, it, and ot are intermediary

signals in the recurrent cell. σ denotes the sigmoid activation function and the superscripts

of parameters W , U , and b differentiate between different network layers. The notation

used is adopted from Mao [91].
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A.2.2 Gated Recurrent Units

Similar to the LSTM, GRU cells contain gating mechanisms and one hidden state. The

internal state and output are defined by the following equations:

rt =σ(W rxt + U rst−1 + br) (A.8)

s̃t = tanh
(
W s̃xt + U s̃(rt � st−1) + bs̃

)
(A.9)

zt =σ(W zxt + U zst−1 + bz) (A.10)

st =zt � s̃t + (1− zt)� st−1 (A.11)

yt =st (A.12)

where rt and zt are internal cell signals and st and yt are the hidden state and output

respectively. σ denotes the sigmoid activation function and the superscripts of parameters

W , U , and b differentiate between different network layers. The notation used is adopted

from Mao [91].
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Appendix B: Reinforcement Learning Algorithms

B.1 Model-Free

Algorithm 2.1 SARSA adapted from [45]

Initialize:
step size α ∈ (0, 1], small ε > 0
Q(s, a)∀s ∈ S, a ∈ A

while True do
Initialize S
Choose A given S from ε-greedy policy derived from Q
while episode not terminated do:

Take action A, observe R, S’
Choose A’ given S’ from ε-greedy policy derived from Q
Q(S,A)← Q(S,A) + α [R + γQ(S ′, A′)−Q(S,A)]
S ← S ′;A← A′;

end while
end while
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Algorithm 2.2 Q-learning adapted from [45]

Initialize:
step size α ∈ (0, 1], small ε > 0
Q(s, a)∀s ∈ S, a ∈ A

while True do
Initialize S
while episode not terminated do:

Choose A given S from ε-greedy policy derived from Q
Take action A, observe R, S’
Q(S,A)← Q(S,A) + α [R + γmaxA′ Q(S ′, A′)−Q(S,A)]
S ← S ′

end while
end while

Algorithm 2.3 Proximal policy optimization adapted from [8]

Initialize:
step size α ∈ (0, 1], small ε > 0

while iteration < N do
while steps < T do:

Sample action from πθold , observe state s and reward r
Compute advantage from Vφ(s) (via GAE [52])

end while
SGD step for K epochs on loss J (θ) = E

[
min

(
π(st,at,θ)
π(st,at,θold)

At, clip
(

π(st,at,θ)
π(st,at,θold)

, 1− ε, 1 + ε
)
At

)]
SGD step on loss L(Φ) = E[(VΦ(st)−

∑T
t rt)

2]
end while
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