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When we are babies, we learn how to see by watching how the world changes and by interacting
with it. Can we use these same signals to train vision models? In this thesis, we outline several
works which use these paradigms as a basis for learning algorithms. First, we explore learning by
watching in which video data is directly used to learn about the visual world. Second, we tackle
multiple challenging tasks in embodied environments in which agents learn by interacting with

their surroundings.
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Chapter 1
INTRODUCTION

When we are babies, we learn about the world by watching it change over time. As we grow, we
learn to interact with the world and adapt it to our needs. In general, humans learn to perceive and
understand the world mostly by watching others and interacting with the environment. This process
almost never resembles the snapshot-like supervised learning setup of tasks like the ImageNet
challenge [45]. The flexibility of learning by observing and interacting with the world allows us to
acquire knowledge which may be hard to explain but is nonetheless extremely useful; no one tells
us how to segment and objects, we figure it out intuitively. When training artificial agents about
the visual world, we can use the same organization to structure the learning setup.

We categorize these high-level approaches of learning about the visual world into three camps:
Single Image learning like that in ImageNet, Video learning from observing raw video data, and
Active learning by interacting with a virtual world via visual simulation environments. Each

method provides its own set of benefits and drawbacks.

Single Image Learning: Image data is prevalent and fairly straightforward to label. Yet the data is
somewhat unrealistic in that the world is dynamic. Techniques trained on single images are often
applied frame-by-frame (without any temporal reasoning) on sequential visual data which ignores

all temporal relationships between frames.

Video Learning: Video data is also prevalent, however these datasets generally take significantly
more resources to label (i.e. data diversity requires many videos, but the task may require per-
frame labels). Additionally, neither single-image nor video learning can infer how to affect the
world since the datasets are static. In some cases, such as object tracking, network outputs like

crop locations in the previous frame may affect the future inputs, but the underlying data remains



Single Image Learning

Video Learning

Active Visual Learning

Example Tasks

Image Classification
Object Detection

Semantic Segmentation
Visual Question Answering
Image Captioning

Activity Recognition
Video Object Detection
Object Tracking

Video Question Answering
Video Captioning

Point-Goal Navigation

Semantic Navigation

Active Tracking

Interactive Question Answering
Vision and Language Navigation

Pros and Cons

- Passive

- Data is static

- Independent decision-making
- Single-Image Understanding
+ Data is easy to gather

- Data is expensive to label

++ Data diversity is very high
+ Trained on real visual data

- Passive

= Outputs may affect future inputs
+ Sequential decision-making

+ Multi-Image Understanding

+ Data is easy to gather

-- Data is very expensive to label
+ Data diversity is high

+ Trained on real visual data

+ Active

+ Data changes based on decisions made
+ Sequential decision-making

+ Multi-Image Understanding

- Environments are costly to create

++ Simulator provide dense labels

- Data diversity is low

- Often trained on simulated visual data

Table 1.1: Comparison of Passive and Active Visual Learning. We list several tasks which fall

into each camp as well as pros and cons for both types of tasks/datasets.

unchangeable. Visual skills learned from diverse static data are likely to be broadly applicable, but

may be limited in scope to understanding the world without knowing how to use this understanding.

Active Visual Learning: Conversely, visual virtual environments are expensive to create but allow
for a much richer set of interactions. This provides the ability to learn high-level reasoning and

long-term planning but sacrifices some generalization capability.

The work 1n this thesis explores these trade-offs. More example tasks and trade-offs can be
seen in Table[I.T] We seek to strike a balance between these various tasks. For example, in Chap-
ter 2 we use large collections of unlabeled video data to learn high-level representations which
allows us to maximize data diversity with O labeling cost. Conversely, when learning in simula-
tion environments, we restructure our network architectures to avoid overfitting and maximize the
generalization capabilities of our models. Below, we give an overview of common ways of leaning

from videos and learning from interactions as well as how we employ them in our works.



1.1 Learning From Videos

Video data is abundant. 500 hours of YouTube videos are uploaded every minute [204]. Video
captures the temporal nature of the real world which single images lack. Because of this, video is
in many ways the most natural form of data for computer vision. Virtually every single-image task
can be applied to videos [178, 181}, 211]], however not all video tasks apply to single images, such
as tracking or video summarization. Yet these video datasets are usually significantly less popular
than their single-image counterparts simply due to scale issues. Consider two options. In one case,
1 million random images are labeled with some property (object detection for example). In another
case 1 million frames from 1000 videos (1000 frames per video) are labeled with the same property.
We would likely expect a method trained on the first dataset to generalize much better than one
trained on the second simply because it has seen a much larger variety of data. This is frequently
the issue with video datasets: they lack diversity and scale because the labeling cost would be too
high. The end results is that most researchers opt to use single-image datasets and are thus forced
to ignore temporal consistency. However, numerous real-world challenges such as occlusions and
motion blur are simply unsolvable on a single-frame level. Applying temporally-aware techniques

in these domains can yield significantly better results [57, 139, 229].

1.1.1 Recurrent Neural Networks

Many techniques have been developed for applying convolutional neural networks to video data.
Foremost among them is using recurrent neural networks (RNNs) to accumulate understanding
over time. RNNs are a natural fit for video data because of their sequential nature. The most basic

RNN can be written as:

ht = ¢(W(z'; A1 4 b) (1.1

where ¢ is the sequence index, z' is the current input, h'~! is the previous output, [;] is the concate-
nation operator, W is a learned weight matrix, b is a learned bias vector, and ¢ is some nonlinear
“squashing” function (often the hyperbolic tangent). Due to the squashing function ¢, this formu-

lation suffers from vanishing gradients for long sequences. Basic RNNs are never used in practice



for this reason. Instead, variants such as LSTMs [90] and GRUs [33]] have been developed. Both
of these methods learn multiplicative “gates” via the sigmoid function (which ranges from O to 1),
allowing a fraction of the original data to be let through and combined with some prior memory
state rather than squashing the entire output. This prevents the features from being squashed mul-
tiple times, eliminating the vanishing gradient problem. Recurrent neural networks may be applied
to vector inputs as in Chapters [3]and [6] but they may also be applied spatially by transforming the

matrix multiplications into convolutions [[193]].

1.1.2 Late Fusion

An alternative to the above methods is to simply concatenate multiple images together across the
channel dimension. For example two 256 X 256 x 3 images become one 256 x 256 x 6 tensor which
is input into a network. Doing this before input (known as Early Fusion) restricts the receptive field
of the features which can be learned across the temporal axis. Instead, many works opt for some
sort of Late Fusion [19, 50, |98, 247] including networks which cross domains such as RGBD
networks [54]. We find late fusion to be effective for tracking and employ it in Chapter 3] though
we use skip connections to retain both low-level and high-level visual features.

At the extreme, the features are never concatenated, but are instead compared using simple
mathematical operations which enforces structure over the learned latent space [[170]. We use this

technique in Chapter [2]as well as for the ego-motion loss in Chapter [5]

1.1.3 3D Convolution

Another common method for handling video data is to use “3D convolutions” (which are actually
4D -T x C' x H x W) [25,217]. In contrast to simply concatenating multiple images over the
channel dimensions, this retains the temporal axis for the entire network structure, allowing for
both low-level and high-level features to be learned. As the network deepens, the temporal recep-
tive field expands allowing for long-term connections to be learned. 3D convolutions have often

proven simpler to train, although they require a larger computational and memory (GPU RAM)



burden than RNNs. Using multiple streams for 3D CNNs such as one at short temporal scales and
one at fast [[57]], one video and one optical flow [25]], and one spatial and one temporal [198]] have
all proven effective, frequently outperforming RNN-based methods. Still, these methods are lim-
ited in that they cannot learn over very long time-scales due to their fixed width nature. Although
3D convolutions have gained in popularity over RNNs, we do not use them in our works on long,

variable-length sequences such as for tracking or for long-term embodied tasks.
1.2 Learning From Interaction

Learning from static data can only go so far. In contrast to passive learning, Active Visual Learning
requires an agent to directly affect the world, changing its environment via physical interactions. To
facilitate large-scale and repeatable learning, research in this space relies extensively on simulation
environments. Using these environments, we are able to create agents with a wide variety of
behaviors. Like babies, agents learn by interacting with the world, viewing the result, and then
adjusting their understanding. This enables a scope of learning much beyond single independent
decision-points such as Interactive Question Answering or Visual Task Planning.

In interactive scenarios, it is often difficult to specify labels. For example finding the optimal
action in many seemingly-simple video games such as Super Mario, and Tetris are all known to be
NP-Hard [[8, 44]. It is frequently significantly easier to specify a reward function based on if some
goal was achieved. The shift from specifying labels to specifying rewards requires a similar shift
from supervised learning to reinforcement learning (RL).

In supervised learning, the goal of an algorithm is to find parameters which minimize some loss
function (often equivalent to minimizing errors in the labels). In reinforcement learning, however,
the goal is to find a policy which maximizes the reward given to an agent. To simplify this learning
process, we often make the Markov assumption which states that given the current state, the future
is independent from the past. Thus, algorithms can make decisions solely based on the current

state of the agent, rather than needing to consider any prior occurrences. Often this is phrased as



maximizing the expected discounted future reward as estimated by some function.

argmin L(f(x,0),y) Supervised Learning Objective (1.2)
0

argmax Z v -r(p(si,m(s;))) Reinforcement Learning Objective (1.3)
T i=0

In Equation L is the loss function, f is the learned prediction function, 6 is the parameters for
the function, z is the input, and y is the label. In Equation s; 18 the world state at time ¢, 7 is
the policy which maps from the current state to the current action, p is the probabilistic state-action
transition function which maps from the current state and the current action to the next state, r is
the reward function, and -y is the discount factor.

Using this reward-based formulation, many tasks which were previously unsolvable have been
conquered. Many visually simple yet otherwise complex games such as Go, Starcraft, and DOTA
have seen deep RL models surpass human performance [18, 196, 220] without relying on human
labels. In the visual domain, success has been somewhat more limited due to several complicating
factors. Firstly, observations based off of realistic 3D images (or the real-world) are significantly
more complex than 2D video games. Secondly, in many of these games the state is entirely ob-
servable, whereas embodied environments with first-person cameras are partially observable. And
thirdly, in the case of these games, the training and testing scenarios are exactly the same whereas in
embodied tasks, agents must generalize to unseen environments. Still, given significant processing
power, large steps have been made on interactive tasks such as point-goal navigation [230].

In our works, we frequently employ RL for solving long-term planning problems, many of
which are NP-Complete similar to the Traveling Salesman problem, and all of which are partially
observable due to the agent’s egocentric view of the environment. Typically, our reward structure
encourages success via large rewards, heavily penalizes failure, and provides small time penalties

to encourage speedy task completion.



1.3 Thesis Overview

This thesis covers works which use temporal information to learn about the world and works which
learn by directly interacting with the environment. It is split into two parts: Learning By Watching
and Learning By Doing. In Part|l, we present two methods for using video data to learn about
the world. Chapter [2| proposes a method for learning to understand the world by watching it
change over time. Chapter[3|presents an object tracking algorithm trained by observing entire video
clips rather than single images. In Part [[I, we explore various methods of learning by interacting
with the (virtual) world directly. Chapter ] and Chapter [5] explore two structures which enforce a
decomposition between visual understanding of the environment and using that understanding to
accomplish some task in order to better generalize and adapt to new environments. Chapter [6] and
Chapter|[7use hierarchical structures to combine low-level visual understanding with reasoning and

planning to answer questions about the environment and perform household tasks.



Part 1
LEARNING BY WATCHING

In this section, we describe our works on learning by observing how the world changes in videos.



Chapter 2

WATCHING THE WORLD GO BY:
REPRESENTATION LEARNING FROM UNLABELED VIDEOS

2.1 Introduction

The world seen through our eyes is constantly changing. As we move through and interact with
the world, we see much more than a single static image: objects rotate revealing occluded re-
gions, deform, the surroundings change, and we ourselves move. Our internal visual systems are
constantly seeing temporally coherent images. Yet many popular computer vision models learn
representations which are limited to inference on single images, lacking temporal context. Visual
representations learned from static images will be inherently limited to an understanding of the
world as many unrelated static snapshots.

This is especially true of recent unsupervised learning techniques [14, |30, 80, 85, |88, |154, 214,
2335]], all of which train on a set of highly-curated, well-balanced data: ImageNet [45]. Scaling up
single-image techniques to larger, less-curated datasets like Instagram-1B [143]] has not provided
large improvements in performance [80]]. There is only so much that can be learned from a single
image: no amount of artificial augmentation can show a new view of an object or what might
happen next in a scene. This dichotomy can be seen in Figure [2.1]

In order to move beyond this limitation, we argue that video supplies significantly more seman-
tically meaningful content than a single image. With video, we can see how the world changes,
find connections between images, and more directly observe the underlying scene. Prior work
using temporal cues has shown success in learning from unlabeled videos [155, 228, 201], but
has not been able to surpass supervised pretraining. On the other hand, single image techniques
have shown improvements over state-of-the-art by using Noise Contrastive Estimation [75] (NCE).

In this chapter, we merge the two concepts with Video Noise Contrastive Estimation (VINCE), a
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Figure 2.1: Augmentation Comparison. The standard unsupervised learning setup learns to sep-
arate multiple augmentations of the same image. Our method uses truly novel views and temporal

consistency which single images cannot provide.

method for using unlabeled videos as a basis for learning visual representations. Instead of predict-
ing whether two feature vectors come from the same underlying image, we task our network with
predicting whether two images originate from the same video. Not only does this allow our method
to learn how a single object might change, it also enables learning which things might be in a scene
together, e.g. cats are more likely to be in videos with dogs than with sharks. Additionally, we
generalize the NCE technique to operate on multiple positive pairs from a single source. To facili-
tate this learning, we construct Random Related Video Views (R2V2), a set 960,000 frames from
240,000 uncurated videos. Using our learning technique, we achieve across-the-board improve-
ments over the recent Momentum Contrast method as well as over a network pretrained on
supervised ImageNet on diverse tasks such as scene classification, activity recognition, and object

tracking ]

ICode and the Random Related Video Views dataset are available at
https://github.com/danielgordonl0O/vince.


https://github.com/danielgordon10/vince
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2.2 Related Work

2.2.1 Noise Contrastive Estimation (NCE)

The NCE loss [[75] is at the center of many recent representation learning methods [[14, 30, (80} 85,
88, 1154, 214, 235]]. Similar to the triplet loss [28], the basic principle behind NCE is to maximize
the similarity between an anchor data point and a positive data point while minimizing similarity
to all other (negative) points.

A challenge for using NCE in an unsupervised fashion is devising a way to construct positive
pairs. Pairs should be different enough that a network learns a non-trivial representation, but struc-
tured enough that the learned representation is useful for downstream tasks. A standard approach
used by [14,30,|80] is to generate the pairs via artificial data augmentation techniques such as color
Jitter, cropping, and flipping. Contrastive Multiview Coding [214]] uses multiple “views” of a single
source image such as intensity (L), color (ab), depth, or segmentation, training separate encoders
for each view. PIRL [154] uses the jigsaw technique [[164]] to break the image into non-overlapping
regions and learns a shared representation for the full image and the shuffled image patches. Sim-
ilarly, Contrastive Predictive Coding (CPC) [85] uses crops of an image as “context” and predicts
features for the unseen portions of the image. We provide a more natural data augmentation by
using multiple frames from a single video. As a video progresses, the objects in the scene, the
background, and the camera itself may move, providing new views. Whereas augmentations on
an image are constrained by a single snapshot in time, using different frames from a single video
gives entirely new information about the scene. Additionally, rather than restricting our method to
only use two frames from a video, we generalize the NCE technique to use many images from a
single video, resulting in more computational reuse and a better final representation (AMDIM [14]

similarly makes multiple comparisons per pair, but each anchor has only one positive).

2.2.2 Unsupervised Learning Using Video Cues

In contrast with supervised learning which requires hand-labeling, self-supervised and unsuper-

vised learning acquire their labels for free. These techniques can create datasets which are orders
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of magnitude larger than comparable fully-supervised datasets. Whereas self-supervised learning
requires extra setup during data generation [67, 172, 190], unsupervised learning can use existing
data without the need for any specific generation constraints. Unsupervised single image methods
such as auto-encoders [121]], colorization [245]], GANs [68], jigsaw [[164]], and NCE [235] rely on
properties of the images themselves and can be applied to arbitrary image datasets. However these
image datasets cannot represent temporal information, nor can they show novel object views or
occlusions.

Video data automatically provides temporal cohesion which can be used as additional supervi-
sory signal to learn these phenomena. There is a long history of using videos for low level [[136,
150, 201]] and high-level tasks [[155} 228|]. One of the most common unsupervised setups is using
the present to predict the future. The Natural Language Processing community has embraced lan-
guage modeling as an unsupervised task which has resulted in numerous breakthroughs [47, |152]
175]]. However, similar systems applied to unlabeled videos have not revolutionized computer vi-
sion. These representations still underperform supervised methods due to several issues. Primarily,
neighboring video frames do not change nearly as much as neighboring words in a sentence, so a
network which learns the identity function would perform well at next frame prediction. Addition-
ally, words are reused and can thus be tokenized in an effective way whereas images never repeat,
especially between two disparate video sources.

To avoid these issues, many have opted for other methods. Anand et al. [10] use the NCE loss
to discriminate between temporally near frames and temporally far frames of ATARI gameplay
but do not compare across games. Han et al. /7] also use the NCE loss and the CPC technique
on a 3D-ResNet to learn spatio-temporal features. Aside from the NCE approach, other works
have proposed alternative video training tasks. Misra et al. [155]] shuffle the frames of a video and
train a network to predict whether they are correctly temporally ordered. Wang et al. [228]] and
Vondrick et al. [224] use cycle consistency and color as a form of tracking points from one frame
onto another. Earlier work from Wang et al. [227] uses hand-crafted features to track patches of a
video and learn a correspondence between the patches. Our approach is inspired by these works

but focuses on learning a semantic representation of the entire scene based on what is present in
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a single frame from the video. If a network can consistently represent visually dissimilar images
from the same video with similar vectors, then not only has it learned how to recognize what is in

each image, but it can also represent what might happen in the past or future of that scene.
2.3 Representation Learning from Videos

In order to learn a semantically meaningful representation, we exploit the natural augmentations
provided by unlabeled videos. In this section, we first outline the dataset generation process. We

then describe the learning algorithm used to train our representation.

2.3.1 Dataset

Using ImageNet as a basis for representation learning has shown remarkable success both with
supervised pretraining as well as unsupervised learning. However, even without labels, the images
of ImageNet have been hand selected and are unnaturally balanced. To improve learned represen-
tations using existing techniques may require significantly larger datasets [80]], but obtaining data
with similar properties automatically and at scale is not practical. Instead, we turn to unlabeled
videos as a source of additional supervision.

In order to train on a diverse set of realistic video frames, we collect a new dataset which we
call Random Related Video Views (R2V2). We use the following fast and automated procedure to
generate the images in our dataset. Using this procedure, we are able to construct R2V?2 in under a

day on a single machine.

1. Use YouTube Search to find videos for a set of queries, and download the top K videos

licensed under the Creative Commons. In practice we use the ImageNet 1K classes.

2. Filter out videos with static images using a simple threshold over the percent of pixels which
change between two frames. This removes videos of static images, which is common for

music uploads.
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Dataset Number of Images (Train) Number of Videos (Train) Number of Categories Mean Image Size
midrule ImageNet 1K [45] 1.3 M 0 1000 (428, 406)
YouTube 8M [4] 0 37M 3862 -
Kinetics 400 [[109] 0 0.22M 400 -
GOT-10k [97] 1.4M >0 K 563 (1600, 912)
R2V2 (Ours) 0.96 M 0.24 M - (467, 280)

Table 2.1: Comparison of various image and video datasets. While we have neither the most
images nor the most videos, we provide good diversity between videos which is crucial for learning
a strong, generic image representation. GOT-10k [97]] training set contains 9,000 video clips, but

multiple clips may originate from a single source video.

3. Pick a random point in the video and extract 7" images with a gap of GG seconds between each

image. In practice 7' =4 and G = 5.

Using ImageNet synsets for search queries provides reasonable visual diversity, but could be sub-
stituted with another set of queries. While we acknowledge that using YouTube’s Search feature
is not truly random, this procedure resulted in significantly more diverse samples than using exist-
ing datasets like YouTube8M [4] which is heavily unbalanced with unnatural videos like “Video
Games” and “Cartoons.” We do no additional data cleaning to ensure that the videos or extracted
images actually contain the search term (many do not), nor do we search for “high interest” video
segments as in Misra et al. [155]. We also discard the search term itself as a form of supervision.
We find that a gap of 5 seconds between each saved image typically results in visually distinct
but semantically related images. Too much shorter results in images which are less individually
distinct, and too much longer may result in large and unpredictable changes. A sample from each
dataset can be seen in Appendix[A.3]

We compare R2V?2 with other popular datasets in Table Because our dataset is constructed
automatically, we can easily gather more data (more frames per video, more videos overall). In

this chapter we limit the scale to roughly that of comparable datasets.
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2.3.2 Noise Contrastive Estimation (NCE) Learning

Given a dataset of diverse video frames, we learn a representation which takes advantage of the
structure of the data. We choose the Noise Contrastive Estimation technique [75] which has been
popular in many recent works [ 14, 30,80, |85, (88}, |154, 214, 235]], augmented with temporal super-
vision.

The standard NCE implementation (used in [30, 14, 88]]) uses the following procedure. First,
a batch of anchor images A are selected. Second, a batch of positive images P are selected, one
for each anchor. Positive matches for one example are reused as negatives for the other samples
without the need to recompute the features. The NCE loss for a single batch is shown in equa-
tion[2.1)where sim(X,Y) is any similarity metric between the two inputs. Gradients flow through
the positive pairs (pulling the vectors together) as well as the negative pairs (pushing the vectors
away from each other).
sim(A;,P;)

€
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Lnce = —— log 2.1)
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As in other works, we use the cosine similarity of the feature embeddings of the data points (as
seen in equation@) as the similarity metric due to its computational efficiency [ 14, 30, (80,85, 154,
235]]. The similarity is rescaled by a temperature vector 7 to create peaked softmax distributions.

f and g are neural networks.

L S 9(Y)
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sim(X,Y)=r (2.2)

2.3.3 Multi-Frame NCE

All recent works perform some sort of transformation on a single image to create Anchor-Positive
pairs for the NCE loss [14} 30, 80, [85) 154, 235]]. We refer to this as “Same Frame.” We differ
from these works by using multiple images from a single video to form our pairs. This allows
our network to see truly different views, deformations, similar objects, and larger scene changes.

Additionally, this encodes temporal consistency as the semantic contents of a video are unlikely to
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change suddenly. For example in a video of two cats playing, the camera may focus on one cat, or
may even pan to a previously unseen dog, but it is unlikely to pan to a shark. Note that in practice,
we select frames with replacement, so it is still possible to pair an image with itself, making our

potential pairs a strict superset of those in prior works.

2.3.4  Memory Banks and Momentum Contrast

NCE-based methods benefit greatly from large pools of negatives because this increases the like-
lihood of finding at least one hard negative for each positive example. In some works [[154, 235],
negatives are sampled from a large memory bank which was filled with earlier outputs of the net-
work. The NCE loss can be modified to use negatives from prior batches as shown in equation
for a memory bank of negatives NV _,,.

esim(Ai,Pi)

1 n
Lncg = —— ) log— m.
NCE - 12:1: & sim(A;,P) Iy osim(Ai,N;)

(2.3)

As the network trains, its output distribution will shift. A potential issue when using a memory
bank is the network learns a simple classifier between the current distribution and an old one.
Momentum Contrast (MoCo) [80] alleviates this issue by using a quickly updating primary network
(f in equation and a slowly updating secondary network (g). f is updated based on the NCE
loss in equation and ¢ is updated using a momentum rule g <— ag + (1 — a)f. The memory
bank is filled with previous outputs from the slowly changing network g, reducing the likelihood

that f will be able to learn a simple recent batch/old batch classifier. For more details, see [80]].

2.3.5 Multi-Pair NCE

By using MoCo, we increase the number of useful negatives without a large computational cost.
Yet MoCo only uses n positive pairs per batch of size n. We can further increase the number of
positives per batch (while holding batch size constant) by simply selecting v videos and £ samples

from each video where & = 2. By computing the pairwise similarity between each pair, we reuse
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Same Frame Positives Multi Frame Positives Current Positives MoCo MemBank

BEEINE  pPEL e  EROENE-

N[N, | NN

m

JF

Anchors

- MBI

Figure 2.2: Comparison of NCE Loss Setups. Left: Standard NCE using “Same Frame” where
all correct pairs come from the same image. Middle: Standard NCE using “Multi-Frame” where
correct pairs come from the same video. Right: Multi-Frame Multi-Pair NCE which uses more
than one positive pair per video, resulting in more positives per batch. The gray boxes indicate the

true match pairs. The MoCo Memory Bank adds more negatives for each anchor.

each positive sample & times, resulting in k?v = 7:)—2 positives per batch. In the extreme, every
sample from a batch could belong to the same class, resulting in n? positives, however this causes
noisier, more extreme gradients which makes training unstable. Using a simple block-diagonal
mask as shown in Figure[2.2]and Algorithm[I] we can efficiently compute the similarities and NCE
loss both between elements of the batch and across a memory bank, achieving a large number of
positive comparisons per batch while retaining a large negative size. In practice, we notice no
meaningful computational cost to this approach. We refer to this full method using Multi-Pair
on video data and the Multi-Frame learning procedure as Video Noise Contrastive Estimation
(VINCE).

Using clusters of positives has the additional benefit of forcing each feature to match with
multiple other features at once. For videos, this means a representation for a single image will
be pulled towards some global video feature, resulting in a more consistent representation over a

video. For single images, this more strongly enforces invariance to data augmentation.
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Algorithm 1 Python-style pseudo code for Multi-Pair NCE.

def multi_pair_nce(

f_output, # [v, k, d] output of f encoder
g_output, # [v, k, d] output of g encoder
moco_mem, # [m, d]
mask, # [n, (n + m)] block diagonal boolean matrix
temperature) : # [1]

f_output = f_output.reshape(v x k, d) # [n, d]

g_output = g_output.reshape(v » k, d) # [n, d]

compare = concatenate ((g_output, moco_mem), axis=0) # [(n + m), d]

similarities = matmul (f_output, compare.T) # [n, (n + m)]

similarities /= temperature

pos_similarities = similarities[mask] # [n, k]

neg similarities = similarities[!mask] # [n, (n + m - k)]

exp_pos_sim = exp(pos_similarities) # [n, k]

normalizing_constant = broadcast ( # [n, k]

reduce_sum(exp (neg_similarities), axis=1),
shape (numerator))))
score = exp_pos_sim / (exp_pos_sim + normalizing_constant)
loss = -mean(log(score))
return loss

In practice we use the Log-Sum-Exp trick for numerical stability but omit here for clarity. broadcast repeats the input until it matches
the provided dimensions. !mask flips the booleans of each point in the mask.

2.4 Experiments

We evaluate our method (VINCE) on both single-image and temporal tasks by freezing our learned
representation and adding a small network (in most cases a single linear layer) for adaptation to
new end-tasks. Our learned representation transfers well to a variety of visual tasks, especially

tasks which require temporal reasoning. To show this, we compare with multiple strong baselines:

* MoCo-IN: Network pretrained on ImageNet [45] using the MoCo algorithm.

* MoCo-R2V2: Network pretrained on R2V?2 using the MoCo algorithm. This uses exactly
the same data as VINCE but the Same Frame technique described in[2.3.3] We also prevent

multiple images from the same video being in the MoCo Memory Bank at the same time.

* Sup-IN: Network pretrained on fully supervised ImageNet.

To validate the benefits of unsupervised, uncleaned video, we additionally compare against an

unsupervised, uncleaned image dataset. Since ImageNet itself required time, effort, and money to
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create, we construct a new static image dataset analogous to our video dataset. Specifically, we
search Google Images for the ImageNet synsets and download the top K results for each category.

We refer to this as MoCo-G).

2.4.1 Target Tasks

We compare each method on several diverse end-tasks using both ResNet18 [83]] backbones ResNet50
backbones. More training implementation details can be found in[A.T| Results for these tasks are
shown in Table [2.2] We train all end-task models using Adam [[116] and a shared learning rate
schedule per task. For each dataset, we use standard data augmentation approaches (crop, flip,
color jitter except for tracking). One overall trend to note is the relative gain over MoCo-R2V2.
If the single-frame algorithm performed as well as our multi-frame method on temporal tasks,
it would indicate minimal temporal understanding. However, the relative gain of VINCE over
MoCo-R2V?2 on Kinetics (13.85%) and tracking (13.33% and 15.38%) are higher than those on

single-frame tasks, showing that our method can incorporate temporal cues.

ImageNet:

For this task, we use our frozen learned representations, adding a single linear layer after the
global average pool. Although none of the methods match the fully supervised performance of
ResNet18 on ImageNet, they do achieve reasonable performance given only single linear layer. It
is unsurprising that MoCo pretrained on ImageNet images (MoCo-IN) outperforms our method
(0.447 vs 0.400) due to the domain shift between pretrain and end-task. However MoCo pretrained
on R2V2 (MoCo-R2V2) suffers nearly a 2x drop in accuracy (8.9%) compared to our method
(4.7%), indicating that pretraining on multi-frame matching provides a clear benefit over single
frame pairs. Our method, which has never seen an image from ImageNet before, still learns a
representation which generalizes well to this new type of data. Even drawing images from a similar

class distribution (MoCo-G) does not outperform our method.
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Image Classification Scene Classification Action Recognition Tracking
ImageNet[45] SUN Scenes[238] Kinetics 400[109] OTB 2015[234]
Trained Layer(s) Linear Linear LSTM — Linear 1x1 Conv
Metric Accuracy (Top 1) Accuracy (Top 1) Accuracy (Top 1)  Precision Success
Sup-IN 0.696 0.491 0.207 0.557 0.396
% MoCo-IN 0.447 0.487 0.336 0.583 0.429
Z MoCo-G 0.393 0.444 0.313 0.551 0.413
& MoCo-R2V2 0.358 0.450 0.318 0.555 0.403
VINCE (Ours) 0.400 0.495 0.362 0.629 0.465
Relative Gain over
11.91% 9.93% 13.85% 13.33%  15.38%
MoCo-R2V2
o Sup-IN 0.762 0.593 0.305 0.458 0.320
S MoCo-V2-IN (our impl.) 0.652 0.608 0.459 0.300 0.260
:qu) MoCo-R2V2 0.536 0.581 0.456 0.386 0.299
& VINCE (Ours) 0.544 0.611 0.491 0.402 0.300
Relative Gain over
1.36% 5.29% 7.72% 4.15% 0.33%

MoCo-R2V2

Table 2.2: Comparison of representation performance across a variety of end tasks. We show
improvements over MoCo trained on the same data on all tasks, and outperform MoCo trained
on ImageNet as well as supervised pretraining on ImageNet on all tasks but ImageNet itself (and
tracking for ResNet50). Each representation uses the same ResNet convolutional backbone, shar-
ing weights across all tasks. Linear (for Kinetics LSTM — Linear) classifiers are the only learned

weights for each end task.

SUN Scenes:

SUN Scenes is a classification dataset in which each image is categorized into one of 397 possible
scene types such as airplane cabin, bedroom, and coffee shop. Again we train a single linear layer
on top of each pretrained network. This data is quite similar to ImageNet in that each image is
well-curated and contains single, unambiguous subjects. As such, the ImageNet fully supervised
baseline transfers quite well to SUN Scenes. However VINCE outperforms Sup-IN by a small
margin. Again we note a large improvement of VINCE over MoCo-R2V2 (0.495 vs. 0.450).
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This shows that our method learns to recognize not just the main subject of an image but also the

surrounding scene, which requires a richer understanding of the world.

Kinetics 400:

This dataset consists of 10 second clips from YouTube videos and action labels for each segment.
We first download each video and subsample each clip to one frame per second (10 frames per
clip). We train a single layer LSTM [90] followed by a single linear layer to predict the action
category for each segment. Kinetics acts as a crucial test to evaluate whether our model learns
temporal cues. VINCE greatly outperform all other methods, whereas traditional baselines such
as fine-tuning supervised ImageNet do not adapt well at all. This shows that contrary to popular
belief, representations pretrained on ImageNet many not be a good fit for other visual domains,

especially on temporal tasks.

Object Tracking Benchmark (OTB) 2015:

OTB 2015 is a popular tracking dataset. Given an initial bounding box around an arbitrary object
in the first image, a model must locate the object in the following frames. We use the SiamFC [19]
tracking algorithm on top of our learned representation. SiamFC first crops the initial bounding
box and extracts spatial features using a CNN. For each frame, it localizes the object by extracting
spatial features on the full frame and convolving the template features with the full image features.
This process is similar to template matching [23]] but in deep feature space. For a more complete
explanation, see [|19]].

To extract these features, we use the outputs of each model from before the average pooling.
We additionally use dilated convolutions rather than strides for the second and third ResNet18
block to preserve spatial information even though the initial representation was pretrained using
strides. We add a single 1x1 convolution layer to each representation. As OTB 2015 is only a set of
test videos, we train on the GOT-10k dataset [97], a dataset of 9000 training clips and 1.4 million

images.
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OTB is evaluated using two metrics — precision and success. Precision measures the percentage
of frames where the (normalized) center error is less than a certain threshold, using an area-under-
the-curve evaluation. Similarly, success measures the percentage of frames where the Intersection
over Union is more than a certain threshold, again using the area-under-the-curve.

A representation which works well for SiamFC would have the property that the cross corre-
lation of two images of the same object is high, but the cross correlation of two different objects,
or a poorly cropped image of the same object, is low. Pretraining our representations on multiple
frames from the same video coincides quite well with the first objective, however since we use
cropped data augmentations, the representations tend to be somewhat invariant to poorly-cropped
candidates. Still, the models perform quite well across a variety of difficult tracking instances.
Our ResNet18 model transfers significantly better than all other methods indicating a clear benefit
to using temporal cues during pretraining. We find, somewhat unexpectedly, that the ResNet18
network fares better than the ResNet50. A likely explanation for this is that the original SiamFC
method uses AlexNet [126] with no padding in a fully-convolutional manner. When using ResNet,
padding must be applied to keep the outputs the same dimensionality as the inputs. Thus, at train-
ing time the network may latch onto zero-padding cues which will not be applicable at test time.
This becomes more of an issue the larger the receptive field which is why ResNet50 struggles but

ResNet18 is somewhat less affected.

2.4.2 Method Ablation

We validate the effectiveness of Multi-Frame (Sec. [2.3.3)) and Multi-Pair (Sec. [2.3.5) learning by
ablating the number of images from each video used in a batch of comparisons Due to computa-
tional constraints, we only perform ablations on ResNet18. The results of this ablation are shown
in Table [2.3] The first row is equivalent to the procedure done in MoCo [80] i.e. the anchor and
positive pairs are two data augmentations of the same image. The second row uses the MoCo
procedure as well, however the anchors and positives may be from different images from the same
video. The third row uses our Multi-Pair NCE method taking 4 positives and 4 anchors from each

video, resulting in 16 positive pairs. A pictorial representation can be seen in Figure[2.2] Note that



23

Test Task
Images Per Video ImageNet SUN Scene Kinetics 400 OTB 2015 Precision OTB 2015 Success
1: Same Frame 0.358 0.450 0.318 0.555 0.403
2: Multi-Frame 0.381 0.478 0.361 0.622 0.464
8: Multi-Frame Multi-Pair  0.400 0.495 0.362 0.629 0.465

Table 2.3: Method ablation for VINCE. We compare using one source image with two augmenta-
tions (the standard approach), two different images, or a set of different images. Using Multi-Frame
results in a large boost across the board. Multi-Frame Multi-Pair further increases the power of the
representation. Note that all methods use the entire dataset, but only Multi-Frame methods use

multiple images from a video within one batch.

when selecting images for row 2 and 3, we use sampling with replacement, making our method a
strict super-set of MoCo.

We observe across-the-board improvements from both modifications to the MoCo approach.
The majority of the improvement comes from using two non-identical frames for matching, but
we still gain an additional improvement from using Multi-Pair NCE. Our intuition is that using
the Multi-Pair NCE creates gradients that pull each feature towards a global video representation
whereas the standard NCE remains more instance-based, only moving a representation in one di-
rection at a time. Thus, we would expect the Multi-Pair NCE features to be more holistically
semantic whereas the standard NCE may retain more uniquely identifying features. In fact, we ob-
serve a larger performance gap on the more semantic ImageNet and SUN Scene tasks. In contrast,
because the Kinetics model uses an LSTM to reason over all input images at once, instance-level

features are equally useful as global video features for overall accuracy.

2.4.3  Pretraining Data Ablation

In Table [2.4] we explore the effect of different pretraining datasets on end-task performance. For

each experiment, we use VINCE but use video data from three different sources: our method of
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Test Task
Pretraining Data ~ ImageNet SUN Scene Kinetics 400 OTB 2015 Precision OTB 2015 Success
R2V2 IN-Queries 0.400 0.495 0.362 0.629 0.465
R2V2 YT8M URLs 0.367 0.478 0.343 0.667 0.492
Kinetics 400 URLs 0.368 0.494 0.390 0.612 0.456

Table 2.4: Pretraining data ablation for VINCE. Each method uses exactly the same training
setup, only substituting one data source for another. Since R2V2 uses ImageNet search queries, it
outperforms the others on ImageNet. Similarly, pretraining on Kinetics 400 videos results in better

end performance on Kinetics.

searching ImageNet synset queries, using the URLs from YouTube 8M [4], and using the URLs
from Kinetics 400 [109]]. Again, we only test ResNet18. Our YouTubeSM(YT8M) pretraining data
uses the same filtering procedure as R2V2 and contains 5.8 million images from 1.4 million videos.
As noted in Table MoCo-IN results, using the same dataset for pretraining as the end-task
results in a boost in performance on that specific task but does not indicate that the representation
will be better on all tasks. We see this trend is true again when pretraining on Kinetics data.
Similarly, since R2V2 uses ImageNet synset for search queries, pretraining on it performs better
on ImageNet than the other less-aligned datasets.

In general, this would indicate that given a large enough set of diverse videos, pretraining
directly on the unlabeled source data would result in the best performing representation on that
data. If this is not possible, then pretraining on a large external source of data may still result in a
useful representation. It also indicates that the VINCE method works well on a variety of different
pretraining datasets. The increased performance on tracking when using YT8M data could be
explained by it simply having access to a larger number of video sources and frames. For generic
object tracking, class diversity may be less important than number of samples because the class

identity is ignored.
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Figure 2.3: Nearest Neighbors. Results for a sampling of query images from R2V2 and ImageNet
using various models. VINCE shows a clear understanding of each image and finds highly relevant

neighbors.

2.4.4  Qualitative Results

We additionally provide two qualitative analyses to better understand the success and failure cases

of VINCE: Nearest Neighbors, and t-SNE.

Nearest Neighbors:

We additionally query ImageNet Val and a set of test videos for nearest neighbor matches, taking
at most one neighbor per video. We visualize the top 5 neighbors for VINCE, MoCo-R2V2, and
MoCo-IN in Figure [2.3] We observe that VINCE seems to understand the semantics of an image
more than MoCo-R2V?2 and MoCo-IN. For instance, although MoCo-R2V2 and MoCo-IN find
other control panels and buttons in query 1, they do not make the scene-level connection to car
interiors as well as VINCE does. Query 2 shows an interesting quirk case of our method. Rather
than matching the semantics of the image, VINCE relies on the news logo as a differentiating

feature due to its discriminative nature. Each image in VINCE’s query 2 results is from a separate
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Under Water

Figure 2.4: t-SNE embedding of images from R2V2 test set.

video, but from the same news source. For the ImageNet queries, despite never seeing ImageNet
inputs during pretraining, VINCE is able to find good matches as well as MoCo-IN which was

trained using only ImageNet inputs.

t-SNE:

Using a set of held-out video frames, we project the 64-D embedding space from VINCE to 2D
using t-SNE and visualize the formed clusters in Figure [2.4] Not only does this assist in
verifying the quality of the embedding, it also serves as a visual method for evaluating the diversity

of the dataset itself. The largest of the clusters seems to be the face cluster. YouTube is full of
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videos of people looking and talking directly to a camera, and our random subset reflects this
pattern. Other interesting, yet unexpected clusters emerge as well such as cats (YouTube loves

cats), hands (demo videos), and food (cooking videos).
2.5 Conclusions

In this chapter we introduced Video Noise Contrastive Estimation, a process for using unlabeled
videos to learn an unsupervised image representation. By training on multiple images from the
same video instance, we learn from more natural changes such as deformation and viewpoint
change rather than 2D artificial augmentations. To learn from a large variety of diverse video clips,
we collect Random Related Video Views in a completely automated fashion. We show across-the-
board improvements over the recently proposed MoCo [80] technique on a wide variety of tasks,
and we believe Video Noise Contrastive Estimation will extend to other unsupervised methods
such as SImCLR [30] and PIRL [154] as well as other end-tasks. As representation learning tech-
niques improve, we believe that videos — rather than images — will prove an invaluable resource for

pushing the state-of-the-art forward.
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Chapter 3

RE’: REAL-TIME RECURRENT REGRESSION NETWORKS
FOR VISUAL TRACKING OF GENERIC OBJECTS

In the previous chapter, we described a method for learning how to see from scratch using only
video cues. In this chapter, we similarly seek to learn the low-level yet important visual task of

object tracking, again extracting cues directly from video.
3.1 Introduction

One of the first visual skills babies learn is object tracking - the ability to follow an object as it
moves over time [2]. At three months, no one is teaching us how to track, we simply learn by
watching objects move. Although this basic skill is innate to humans, we still struggle to create
robust artificial object tracking systems. Current generic 2D image tracking predominantly relies
on learning a tracker online. A popular paradigm for tracking algorithms is tracking-by-detection:
training an object-specific detector, and optionally updating it with the object’s new appearance
at every frame. While effective, this is somewhat unnatural as it disregards temporal cues like
optical flow. Additionally, performing an appearance update takes a significant amount of time and
computational resources, and not updating the appearance will accuracy to decrease.

We propose the Real-time, Recurrent, Regression-based tracker, or Re?: a fast, accurate net-
work for object tracking that addresses these disadvantages. Prior work has shown that a pretrained
neural network can learn a robust tracker that functions on previously unseen objects [19, [84].
However, instead of freezing the network as in [19, 84] or adjusting the network parameters via
online training [163]], Re® learns to store and modify relevant object information in the recurrent
parameters. By overcoming the need for any re-training, Re?® efficiently tracks and updates itself

simultaneously. This much more closely match the way humans track objects.
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By incorporating information from large collections of images and videos, our network learns
representations that capture the important features of the tracked object. The goal of this process is
to teach the network how any given object is likely to change over time so these transformations can
be embedded directly into the network. This shifts the computational burden offline, making Re3
extremely fast and computationally cheap during inference, an important quality for algorithms
operating on mobile robots with limited processing power. Because of our large variety of training
data, we found our pretrained network can be directly applied to a variety of new environments such
as drone videos, cellphone videos, and robot-mounted platforms, and due to the low computational
cost, Re? could be run on embedded systems while remaining real-time. Our results show that
recurrent networks are well suited for object tracking, as they can be fast, accurate, and robust to
occlusions. Re? achieves competitive results on multiple tracking benchmarks, showing especially

good performance during occlusions, all while running at 150 frames per secondﬂ
3.2 Related Work

Object tracking has been studied in great depth by the robotics and computer vision community.
In many cases, systems target objects with known 3D models or objects of a limited set of classes.
DART [191]] requires a depth camera and a predefined articulated model, but produces fine-grained
pixelwise labels. Ondruska et al. [166]] use planar laser scans and a recurrent network to track
people under heavy occlusions. Their method succeeds because priors on likely human trajectories
are quite strong. KITTI [[62], a popular vision and robotics benchmark suite, only tests performance
on tracking cars and people. We focus on the harder problem of tracking arbitrary objects given
only an initial bounding box. Generic object tracking represents a new challenge for convolutional
neural networks. Most deep learning algorithms rely on having millions of examples to function,
learning invariance to high-level concepts; object detection algorithms expect the network to learn
what a person looks like, but not to differentiate between two people. Trackers, on the other hand,

are often given only a single initial example and must specialize in order to track that specific

ICode available at https://gitlab.com/danielgordonl0/re3-tensorflow
Video available at https://youtu.be/RByCiOLlxug


https://gitlab.com/danielgordon10/re3-tensorflow
https://youtu.be/RByCiOLlxug
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target object. Because of the difficulty of adapting traditional deep methods to tracking, deep
learning has only recently started to be used in tracking algorithms. In 2015, MDNet [163]], a deep
method, won the The Visual Object Tracking challenge (VOT) [124] for the first time. The VOT
reports [[123} {124, [125]] present a succinct overview of many other generic object trackers. Those
most related to ours can be categorized into three sub-groups: online-trained, offline-trained, and

hybrid trackers.

3.2.1 Online-trained trackers

The most prevalent type of trackers operate entirely online, continually learning features of the
object of interest as new frames arrive. This includes keypoint-based and part-based trackers [53],
correlation based methods [86], and direct classification methods [79]. These methods often
rapidly train a classifier to differentiate between the object of interest, the background, and pos-
sible occluders. Discriminative Scale Space Tracker (DSST) [35], the winner of the VOT 2014
challenge [123]], uses this approach. DSST learns discriminative correlation filters for different
scale and translation amounts. Because online trackers must train on frames as they arrive, they

tend to directly trade off speed with model complexity.

3.2.2  Offline-trained trackers

The success of deep learning is often attributed in part to its ability to utilize massive amounts of
training data better than other machine learning methods. Offline trackers such as [19] and [[84]] em-
ploy this technique to great success. Because they are trained entirely offline, the networks are fast
to evaluate at test time, allowing both methods to operate at faster than real-time speeds. However,
this underscores a large problem with offline trackers: they do not adapt to what they are seeing.
Instead of incorporating information from an entire track, they learn a similarity function between
pairs of frames. Held et al. [84]] use only a single frame history, meaning any amount of occlusion
will confuse the tracker. Bertinetto et al. [[19] rely solely on the initial frame for appearance infor-

mation and try to detect the object in all subsequent frames, meaning large appearance changes,
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even if gradual, would be difficult to track. T-CNN [[107] focuses on the detection and tracking
problem in video by finding temporally coherent object detections, but they do not adapt the model
using visual information from prior detections. Offline trackers’ capabilities are fundamentally

limited because they cannot adapt to new information.

3.2.3 Hybrid trackers

Hybrid trackers attempt to solve the problems with online and offline trackers by taking the best
from both. MDNet, the winner of the VOT 2015 challenge, trained an image classification network
offline, and then learned a per-object classifier online [163]. Similar approaches were taken by
other top competitors [36]. Still, the complexity of their online training techniques limited their
methods to taking seconds to process each frame.

Our contribution, Re?, is a hybrid tracker, but prioritizes offline learning and limits online
adaptation to recurrent state updates. Although we make this trade-off, our method is substantially
different from purely offline trackers because we use information from previous frames to make
future predictions. This lets us model temporal dependencies between sequential images and rea-
son about occlusions. Other recurrent trackers such as [|52]] and [60]] use attention-based recurrent
neural networks. These techniques have only been shown to work on simple datasets such as track-
ing MNIST digits. To our knowledge, we are the first to demonstrate successful tracking in natural

videos using recurrent neural networks.
3.3 Recurrent Object Tracking

Our tracking pipeline, depicted in Figure consists of convolutional layers to embed the object
appearance, recurrent layers to remember appearance and motion information, and a regression
layer to output the location of the object. We train this network on a combination of real videos
and synthetic data. At test time, unlike MDNet [163]], we do not update the network itself; we
instead let the recurrent parameters represent the tracker state which can be updated with a single

forward pass. In this way, the tracker learns to use new observations to update the appearance and
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Figure 3.1: Re® Network Structure. Image crop pairs are fed in at each timestep. Both crops are
centered around the object’s location in the previous frame, and padded to two times the width and
height of the object. Before every pooling stage, we add a skip layer to preserve high-resolution
spatial information. The weights from the two image streams are shared. The output from the
convolutional layers feeds into a single fully connected layer and an LSTM. The network predicts

the top left and bottom right corners of the new bounding box.

motion models, but no extra computational cost is spent on online training.

3.3.1 Object Appearance Embedding

The task of generic object tracking in video sequences starts with an initial bounding box around
an object, with the goal of keeping track of that object for the remainder of the video. For each
frame of the video, the tracker must locate the object as well as update its internal state so it can
continue tracking in future frames. A primary subtask in this framework is translating raw pixels

into a higher-level feature vector representation. Many object trackers, like rely on extracting
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appearance information from the object pixels using hand-crafted features. We choose to learn the
feature extraction directly by using a convolutional pipeline that can be trained fully end-to-end on

a large amount of data.

Network Inputs: Similar to [84], at each frame, we feed the network a pair of crops from the
image sequence. The first crop is centered at the object’s location in the previous image, whereas
the second crop is in the same location, but in the current image. The crops are each padded to
be twice the size of the object’s bounding box to provide the network with context. This padding
offers a reasonable trade-off between speed, resolution, and search region size. If the bounding
box at frame j had centers (X7, ) and width and height W7, H7, both crops would be centered at
(X7,Y7) with width and height 21¥7 and 2H’. By feeding a pair of crops, the network can directly
compare differences in the two frames and learn how motion affects the image pixels. Though this
method does not guarantee the object to be in the crop, if our first crop was in the correct location,
the object would have to move more than 1.5 times its width and height in a single frame to be
fully out of the crop, which is quite unlikely. The crops are warped to be 227 x 227 pixels before
being input into the network. We experimentally determined that preserving the aspect ratio of the
source images hurts performance because it forces the network to directly regress the aspect ratio
rather than regress changes to the ratio. The pair of image features are concatenated at the end of
the convolutional pipeline (late fusion) rather than at the beginning to allow the network to fully

separate out the differences between the two images.

Skip Connections: The hierarchical structure of convolutional networks extracts different levels
of information from different layers [242]; the lowest layers of image classification networks out-
put features like edge maps, whereas the deeper layers capture high-level concepts such as animal
noses, eyes, and ears [242]. Rather than only using the outputs from the last layer of the network,
we represent the object’s appearance using low, mid, and high level features. We use skip connec-
tions when spatial resolution decreases to give the network a richer appearance model. In this way,

the network can differentiate a person (high level concept) wearing a red (low level concept) shirt



34

from a person wearing a blue shirt.

The skip connections are each fed through their own 1 x 1 x C' convolutional layers where C' is
chosen to be less than the number of input channels. This reduces the dimensionality of the layers
with higher spatial resolutions to keep computational cost low. As the spatial resolution is halved,
C' is doubled. All skip connection outputs and the final output are concatenated together and fed
through a final fully-connected layer to further reduce the dimensionality of the embedding space

that feeds into the recurrent pipeline.

3.3.2  Recurrent Specifications

Recurrent networks tend to be more difficult to train than typical feed-forward networks, often
taking more iterations to converge and requiring more hyperparameter selection. We present a
method of training a recurrent tracking network which translates the image embedding into an
output bounding box while simultaneously updating the internal appearance and motion model.

We also describe techniques that lead to faster convergence and better-performing networks.

Recurrent Structure: Using the prior work of Greff et al. [70], we opt for a two-layer, factored
LSTM (the visual features are fed to both layers) with peephole connections. We find that this
outperforms a single layer LSTM even given a deeper convolutional network and larger embedding
space. The two layer LSTM is likely able to capture more complex object transformations and
remember longer term relationships than the single layer LSTM. The exact formulation is shown
in Equations where t represents the frame index, z! is the current input vector, yy'~! is the
previous output (or recurrent) vector, W, R, and P are weight matrices for the input, recurrent,
and peephole connections respectively, b is the bias vector, ¢ is the hyperbolic tangent function,
o is the sigmoid function, and - is point-wise multiplication. A forward pass produces both an
output vector ', which is used to regress the current coordinates, and the cell state ¢!, which holds
important memory information. Both ' and ¢’ are fed into the following forward pass, allowing

for information to propagate forward in time.
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2= p(W, o' + Ry +b,) LSTM input (3.1)
it = o(Wir! + Ryt + Pyt + by) Input gate (3.2)
ff=c(Ws'+ Rpy" " + Py +by) Forget gate (3.3)
=g ft Cell state (3.4)
o' = c(Woa! + Ry ' + Poc' +b,) Output gate (3.5)
y' =0 o(c) LSTM output (3.6)

The output and cell state vectors update as the object appearance changes. Figure [3.2] shows
a t-SNE [142] plot of the LSTM states our tracker produces for each frame from the the VOT
2014 [[123]] videos. Because the LSTM states are initialized to O at the start of each video, the em-
beddings of the first few frames from each track are clustered together. As each video progresses,
the LSTM state is transformed, resulting in many long, thin paths that follow the ordering of the
frames in the original video. Certain points in the sequences with significant occlusion are circled,
demonstrating that are embedding does not change drastically during occlusions even though the
image pixels look quite different. The gaps in the sequences are mostly due to fast movement

which tend to cause a rapid appearance change in the second crop.

Network Outputs: The second LSTM’s outputs are fed into a fully-connected layer with four
output values representing the top left and bottom right corners of the object box in the crop coor-
dinate frame, as is done in [84]. By regressing these coordinates, we can directly handle size and
aspect ratio changes. Similar to [84]], we use an L1 loss on the outputs to encourage exact matches

the ground truth and limit potential drift.

Unrolling during training: Recurrent networks generally take many more iterations to converge
than comparable feed-forward networks. This is likely because the inputs are all fed in sequentially,
and then one or many outputs and losses are produced. This means the loss must propagate through

many noisy intermediate states, causing the gradients to fluctuate. However, for tracking, each
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Figure 3.2: t-SNE embedding of LSTM states from VOT 2014 data. The cell and output states
are concatenated together to form the feature vector. Rather than forming clusters, the states form
paths indicating that as the images change during a video, the LSTM states change in a similar

fashion. Circled portions of the embedding indicate occlusion.

input is directly paired with an immediate output. Thus, we can use a training curriculum that
begins with few unrolls, and slowly increases the time horizon that the network sees to teach it
longer-term relationships. Without the shorter unroll step, the network may take exponentially
longer to train, or may simply never converge. Specifically, we initially train the network with only
two unrolls and a mini-batch size of 64. After the loss plateaus, we double the number of unrolls
and halve the mini-batch size until a maximum unroll of 32 timesteps and a mini-batch size of 4.

Using this curriculum, we do not find it necessary to clip gradients.
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Learning to Fix Mistakes: Recurrent networks are often trained by feeding ground truth outputs
into the future timesteps rather than the network’s own predictions [59, 221]. However, if we
always provide the network with ground-truth crops, at test time it quickly accumulates more drift
than it has ever encountered, and loses track of the object. To counteract this, we employ a regime
that initially relies on ground-truth crops, but over time the network uses its own predictions to
generate the next crops. We initially only use the ground truth crops, and as we double the number
of unrolls, we increase the probability of using predicted crops to first 0.25, then subsequently
0.5 and 0.75. This method is similar to the one proposed in [[17], however we make our random

decision over the whole sequence rather than at every step independently.

3.3.3 Training Procedure

We use a combination of real and synthetic data to train our deep network. This results in our
tracker being able to work on a large variety of object types, allowing us to successfully track

across multiple datasets.

Training from Video Sequences: We train Re® on two large object tracking datasets: the training
set from the ILSVRC 2016 Object Detection from Video dataset (Imagenet Video) [[181] and the
Amsterdam Library of Ordinary Videos 300++ (ALOV) [199]]. In its training set alone, Imagenet
Video provides 3862 training videos with 1,122,397 images, 1,731,913 object bounding boxes,
and 7911 unique object tracks. This is by far the largest object tracking dataset we are aware of,
however it only contains videos for 30 object categories. ALOV consists of 314 videos. We do not
use the 7 videos that also occur in VOT 2014 [123]] in order to avoid training on the test set. The

remaining dataset comprises 307 videos and 148,319 images, each with a single object.

Training from Synthetic Sequences: Recently, many deep methods have supplemented their
training sets with simulated or synthetic data [84,177]. Due to the large variety of objects labeled
in ‘object detection in image’ datasets, we construct synthetic videos from still images to show the

network new types of objects. We use images from the Imagenet Object Detection dataset to fill
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this role [181]]. We discard objects that are less than 0.1? of the total image area due to lack of
detail, resulting in 478,807 object patches.

To generate simulated data, we randomly sample over all images for an object to track. We use
random patches from the same image as occluder patches. The full image serves as the background
for the scene. The object, background, and occluders are taken from the same image in order to
keep our simulated images close to the real image manifold. We then simulate tracks for the
object and occluders, at each timestep modifying an initial speed, direction, and aspect ratio with
Gaussian noise. This data adds diversity to the types of objects that the network sees, as categories

like “person,” which are common in many tracking datasets, are absent in Imagenet Video [181].

Tracking at test time: To generate test-time predictions, we feed crops to the network from each
sequential frame. After every 32 iterations, we reset the LSTM state. This is necessary because
we train on sequences with a maximum length of 32 frames, and without this reset, the LSTM
parameters tend to diverge from values the network has seen before. Rather than resetting the
LSTM state to all zeros, we use the output from the first forward pass. This maintains an encoding
of the tracked object, while allowing us to test on sequences much longer than the number of
training unrolls. We also notice that the reset helps the model recover from drifts by using a well-

centered crop embedding.

Implementation Details: We use Tensorflow [3]] to train and test our networks. Unless otherwise
noted, we use the CaffeNet convolutional pipeline initialized with the CaffeNet pretrained weights
for our convolutional layers. The skip connections occur after “norml,” “norm2,” and “convS5,”
with 16, 32, and 64 channels respectively. Each skip layer has a PReLU nonlinearity [82]. The
embedding fully-connected layer has 2048 units, and the LSTM layers have 1024 units each. We
initialize all new layers with the MSRA initialization method [82]]. We use the the ADAM gradient
optimizer [116] with the default momentum and weight decay and an initial learning rate of 1075,
which we decrease to 1075 after 10,000 iterations and continue for approximately 200,000 itera-

tions which takes roughly one week. All layers, including the pretrained ones, are updated with
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Figure 3.3: Speed/Accuracy Tradeoff. We compare Re? to other trackers on the VOT 2014 [123]]

and VOT 2016 [[125] test suites. The size of the point indicates the speed of the tracker. Those
below 3 FPS are enlarged to be visible. Speeds are taken directly from the VOT 2014 [[123]] and
VOT 2016 [125]] result reports. The VOT authors have stated that speed differences between years

can be due to different code, different machines, and other confounding factors. For detailed

analysis of other trackers’ performance, please view | .

this learning rate. During training, we randomly mirror entire tracks with probability 0.5. All tests
were carried out using an Intel Xeon CPU E5-2696 v4 @ 2.20GHz and an Nvidia Titan X (Pascal).
For timing purposes, we ignore disk read speeds as they are independent of the tracking algorithm

used.
3.4 Experiments

We compare Re? to other tracking methods on several popular tracking datasets in terms of both
overall performance and robustness to occlusion. On all datasets, we are among the fastest, most
accurate, and most robust trackers. We initially demonstrate our effectiveness by testing on a
standard tracking benchmark, the Visual Object Tracking 2014 and 2016 (VOT 2014 and VOT
2016) challenges 125]], where we outperform other real-time trackers and are competitive
with other deep methods. Next, we show results on the ILSVRC 2016 Object Detection from

Video challenge (Imagenet Video) comparing with other real-time trackers. We then examine
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Figure 3.4: Real-time trackers evaluated on
the Imagenet Video test set. Area under the
curve (AUC) is shown for each method. We
compare results with [86, 34, 84, 223] with
code provided by [222, |63, 84} 223]] respec-

tively.

Figure 3.5: Expected overlap of trackers on
all frames and occluded frames. The ar-
row indicates that BDF improves during occlu-
sion whereas all other methods degrade. For
further analysis of compared trackers, please

view [125]].

our performance during occlusion with specific experiments on occluded data. Additionally, we
perform an ablation study to understand the contributions of each part to the overall success of the
method. Finally, we examine qualitative results on novel video domains such as drone footage and

cellphone video.

3.4.1 VOT 2014 and 2016

The VOT 2014 and 2016 object tracking test suite [[123]|125] consists of 25 and 60 videos respec-
tively made with the explicit purpose of testing trackers. Many of the videos contain difficulties
such as large appearance change, heavy occlusions, and camera motion. Trackers are compared
in terms of accuracy (how well the predicted box matches with the ground truth) and robustness
(how infrequently a tracker fails and is reset). More details about these criteria can be found
in [123]]. Figure compares Re® with other trackers submitted to the VOT 2014 and 2016 chal-
lenges [[123,125]] as well as with Held er al.[84]. We show the 10 fastest trackers as well as the 10
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most accurate trackers from each year.

Figure [3.3] Left shows our full model trained using all of the available training data. We are
among the most accurate methods overall, and among the most robust of the real-time methods,
likely due to the LSTM'’s ability to directly model temporal changes, allowing the network to adapt
without much computational overhead.

Figure [3.3] Right compares our results against more modern trackers on the more difficult VOT
2016 test set [125]. For training this model, we omit the ALOV data entirely since there is a
large overlap between the two video sets. We later explore the detrimental effect this has on our
network’s performance in the ablation analysis (model H in Table . Re3 is 450x faster than the
best methods [37, 125]], while scoring only 20% and 5% lower in terms of relative accuracy and
robustness. On both datasets, Re? offers an attractive trade-off of speed, accuracy, and robustness,

especially in time-critical or computationally limited scenarios.

3.4.2 Imagenet Video

The Imagenet Video validation set consists of 1309 individual tracks and 273,505 images [[181]. It
is the largest dataset we test on, and it offers significant insights into the success cases and failure
cases of our tracker. We use Imagenet Video to evaluate our performance against other open-
source real-time trackers. Each tracker is initialized with the first frame of each test sequence and
is not reset upon losing track. Each individual bounding box is evaluated against the ground truth
for that track at various IOU thresholds. Figure [3.4] shows our method outperforming other real-
time trackers over all thresholds by a wide margin, though only our method and GOTURN [84] +
Imagenet were trained with the Imagenet Video training set. We also train a version of our network
without using the Imagenet Video training data, only using a combination of ALOV [199] and
simulated data. This performs significantly worse, most likely because LSTMs tend to take more
data to train than comparable feed forward methods and this omits 90% of our training data. With

sufficient training data, our method outperforms other methods trained on the same data.
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Figure 3.6: Evaluation on the OTB benchmark. We examine performance both overall (left) and
during occluded frames (right) using the One Pass Evaluation (OPE) criterion explained in [234]].
The legend shows area under the curve (AUC) for each method. Relative to other trackers, we suffer
a smaller loss in accuracy due to occlusion. For detailed analysis of other trackers’ performance,

please view [234].

3.4.3  Online Object Tracking benchmark

The Online Object Tracking benchmark (OTB) [234] is a widely used benchmark in tracking lit-
erature consisting of 50 challenging tracking videos of various objects. The One Pass Evaluation
(OPE) criteria on OTB is equivalent to the evaluation we perform on Imagenet Video. In Figure
[3.6] we show results competitive with the provided baselines from the OTB website [234]], even

though we again omit the ALOV training data.

3.4.4 Robustness to Occlusion

We present two additional experiments showing that Re® performs comparatively well during oc-
clusions. LSTMs can implicitly learn to handle occlusions because the structure of an LSTM can
ignore information via the input and forget gates. This contrasts many other methods which assume

all observations are useful, and may update their internal representation to include the occluder’s
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VOT 2014 Imagenet Video
Network Structure and Training Method Speed (FPS) Accuracy #Drops Robustness Average Accuracy #Drops Robustness Average
A Feed Forward Network (GOTURN) [84] 168.77 0.61 35 0.90 0.756 0.55 471 0.95 0.750
B A + Imagenet Video Training 168.77 0.55 41 0.89 0.718 0.56 367 0.96 0.760
C  One Layer LSTM 213.27 0.48 67 0.82 0.651 0.49 738 0.92 0.706
D C + Self-training 213.27 0.57 43 0.88 0.726 0.6 450 0.95 0.776
E D + Simulated Data 213.27 0.6 38 0.89 0.747 0.65 359 0.96 0.806
F E + Skip Layers 160.72 0.62 29 0.92 0.769 0.69 320 0.97 0.828
G Full Model (F with two LSTM layers) 149.63 0.66 29 0.92 0.789 0.68 257 0.97 0.826
H Full Model No ALOV 149.63 0.6 28 0.92 0.761 0.71 233 0.97 0.842
I Full Model No Imagenet Video 149.63 0.58 61 0.82 0.700 0.52 1096 0.88 0.700
J  Full Model No LSTM Reset 149.63 0.54 47 0.87 0.705 0.61 539 0.94 0.775
K Full Model with GoogleNet [208] conv layers 77.29 0.68 27 0.92 0.802 0.69 274 0.97 0.830

Table 3.1: Ablation Study. Average represents the arithmetic mean of accuracy and robustness,
providing a single score to each method. Results on VOT 2014 [123]] differ slightly from the VOT
test suite, as they consider bounding boxes with a rotation angle, and we take the outermost points

on these boxes as the ground truth labels.

appearance. In these experiments, we compare both the quality of track during occlusions as well
as the difference in performance between overall scores and scores during occluded frames.

First, we examine our performance on the VOT 2016 test set [125]. Figure [3.5] shows the
expected overlap measure of the same trackers from Figure [3.3|Right. Expected overlap represents
the trackers’ accuracy and robustness as a single number by performing many trials on subsets
of the original data (more details available in [124]). Each tracker has two points on the graph:
the first for overall expected overlap, and the second for expected overlap during occlusion. Re?
performs nearly as well as the top performers from VOT 2016 [[125] however at a much higher
frame rate, and outperforms many on occluded frames. Re®’s performance degrades slightly during
occlusions, but many of the other trackers drop in accuracy by more than 25%. sKCF [200] also
barely changes, and BDF [147]] actually improves during occlusions, however we outperform both
of these methods on all frames and on occluded frames specifically.

We also evaluate how Re?’s performance degrades during occlusions across various IOU thresh-
olds on OTB [234]. Similar to the previous experiment, Figure [3.6] compares the performance of

trackers during all frames, and only during occluded frames. Again, we suffer a smaller loss
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in accuracy of 7.6 in relative percentage compared to other top methods (MUSTer [94] 10.2%,
MEEM [243]] 8.3%, STRUCK [79] 16.1%). The performance on both datasets under occlusion
illustrate that our LSTM-based method offers significant robustness to occlusion - one of the most

difficult challenges in object tracking.

3.4.5 Ablation Study

Table examines how various changes to the network affect the speed and performance of Re?
on the VOT 2014 and Imagenet Video test sets [[123},181]]. The difference between model A and C
is that model A has three fully-connected layers with 4096 outputs each, whereas C has one fully-
connected layer with 2048 outputs, and one LSTM layer with 1024 outputs. Despite the small
change, simply adding an LSTM to an existing tracker without any modification in the training
procedure hinders performance. Self-training, learning to correct previous mistakes and prevent
drift (model D), is clearly necessary when training a recurrent tracker. Other modifications tend to
add slight improvements in both accuracy and robustness. At the expense of speed, we can attain
even better results. Model K uses the GoogleNet [208]] architecture to embed the images, but is
twice as slow. Model H, which was trained only on Imagenet Video [181] and simulated data,
shows that by training on a fixed set of classes, performance improves on those classes but drops
significantly on new objects (VOT 2014 [123]]). Model I illustrates the need for a large training
dataset, which seems especially important in terms of robustness. Model J shows the importance of
resetting the LSTM state, as without the reset the network is much more affected by both parameter

and model drift.

3.4.6 Qualitative Results

We test our network on a variety of important and challenging never-before-seen domains in order
to gauge Re?’s usefulness to robotic applications. With a single initialization frame, our network
performs remarkably well on challenging tasks such as shaky cellphone and car dashcam footage of

a moving target, drone footage of multiple people simultaneously, and surveillance video of objects
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Figure 3.7: Qualitative Results. Examples of our tracker on the Imagenet Video [181]] dataset.

We show the initial frame and the 100th frame. Green represents the ground truth box and red
represents Re®’s output. We include challenging examples of scale, appearance, and aspect ratio
change as well as occlusion. On the right, we show failures due to latching onto a foreground ob-
ject, confusion with a similar object, latching onto an occluder, and an ambiguous initial bounding

box.

as small as 15 x 20 pixels. These results are shown in https://youtu.be/RByCiOLlxug.

We also include excerpts of our performance on challenging frames from Imagenet Video [181] in

Figure[3.7]

3.5 Conclusion

In this chapter, we presented the first algorithm that uses a recurrent neural network to track generic
objects in a variety of natural scenes and situations. Recurrent models offer a new, compelling
method of tracking due to their ability to learn from many examples offline and to quickly update
online when tracking a specific object. Because they are end-to-end-trainable, recurrent networks
can directly learn robustness to complex visual phenomena such as occlusion and appearance

change. Our method demonstrates increased accuracy, robustness, and speed over comparable
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trackers, especially during occlusions. We showed how to efficiently and effectively train a re-
current network to learn from labeled videos and synthetic data. Ultimately we have shown that
recurrent neural networks have great potential in the fast generic object tracking domain, and can
be beneficial in robotics applications that need real-time performance on a limited computational

budget.
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Part II
LEARNING BY DOING

Part [I| described two works which passively used data to learn about the world. This approach is
clearly limited in what it can learn. To extend beyond passive learning, we must allow the agent to
interact with the world. In this section, we outline multiple works on learning by interacting with

simulated visual environments.
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Chapter 4

VISUAL SEMANTIC PLANNING
USING DEEP SUCCESSOR REPRESENTATIONS

4.1 Introduction

Humans demonstrate levels of visual understanding that go well beyond current formulations of
mainstream vision tasks (e.g. object detection, scene recognition, image segmentation). A key
element to visual intelligence is the ability to interact with the environment and plan a sequence
of actions to achieve specific goals; This, in fact, is central to the efficacy of agents in dynamic
environments.

Visual semantic planning, the task of interacting with a visual world and predicting a sequence
of actions that achieves a desired goal, involves addressing several challenging problems. For
example, imagine the simple task of putting the bowl in the microwave inthe visual
dynamic environment depicted in Figure 4.1 A successful plan involves first finding the bowl,
navigating to it, then grabbing it, followed by finding and navigating to the microwave, opening
the microwave, and finally putting the bowl in the microwave.

The first challenge in visual planning is that performing each of the above actions in a visual
dynamic environment requires deep visual understanding of that environment, including the set
of possible actions, their preconditions and effects, and object affordances. For example, to open
a microwave an agent needs to know that it should be in front of the microwave, and it should
be aware of the state of the microwave and not try to open an already opened microwave. Long
explorations that are required for some tasks imposes the second challenge. The variability of
visual observations and possible actions makes naive exploration intractable. To find a cup, the
agent might need to search several cabinets one by one. The third challenge is emitting a sequence

of actions such that the agent ends in the goal state and the effects of the preceding actions meet
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Overhead view of Visual Dynamic Environment

Task: Put bowl in microwave |
Initial State B

'navigate to bowl

Figure 4.1: Visual Semantic Planning. Given a task and an initial configuration of a scene, our
agent learns to interact with the scene and predict a sequence of actions to achieve the goal based

on visual inputs.

the preconditions of the proceeding ones. Finally, a satisfactory solution to visual planning should
enable cross task transfer; previous knowledge about one task should make it easier to learn the
next one. This is the fourth challenge.

In this chapter, we address visual semantic planning as a policy learning problem. We mainly
focus on high-level actions and do not take into account the low-level details of motor control
and motion planning. Visual Semantic Planning (VSP) is the task of predicting a sequence of
semantic actions that moves an agent from a random initial state in a visual dynamic environment
to a given goal state.

To address the first challenge, one needs to find a way to represent the required knowledge of
objects, actions, and the visual environment. One possible way is to learn these from still images

or videos [56, 226]]. But we argue that learning high-level knowledge about actions and their
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preconditions and effects requires an active and prolonged interaction with the environment. In this
chapter, we take an interaction-centric approach where we learn this knowledge through interacting
with the visual dynamic environment. Learning by interaction on real robots has limited scalability
due to the complexity and cost of robotics systems [172}|173,206]. A common treatment is to use
simulation as mental rehearsal before real-world deployment [16, 112} 131}, 236, 249]. For this
purpose, we use the AI2-THOR framework [120], extending it to enable interactions with objects,
where an action is specified as its pre- and post-conditions in a formal language.

To address the second and third challenges, we cast VSP as a policy learning problem, typically
tackled by reinforcement learning [51,(72,|114, 137,157, [195]]. To deal with the large action space
and delayed rewards, we use imitation learning to bootstrap reinforcement learning and to guide
exploration. To address the fourth challenge of cross task generalization [130]], we develop a
deep predictive model based on successor representations [42) [128]] that decouple environment
dynamics and task rewards, such that knowledge from trained tasks can be transferred to new tasks
with theoretical guarantees [15]].

In summary, we address the problem of visual semantic planning and propose an interaction-
centric solution. Our proposed model obtains near optimal results across a spectrum of tasks in
the challenging AI2-THOR environment. Our results also show that our deep successor represen-
tation offers crucial transferability properties. Finally, our qualitative results show that our learned

representation can encode visual knowledge of objects, actions, and environmentsﬂ
4.2 Related Work

4.2.1 Task planning

Task-level planning [49, 58, 105} 202, 203]] addresses the problem of finding a high-level plan
for performing a task. These methods typically work with high-level formal languages and low-
dimensional state spaces. In contrast, visual semantic planning is particularly challenging due to

the high dimensionality and partial observability of visual input. In addition, our method facilitates

Video available at ht tps://youtu.be/_2pYVw6ATKO
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generalization across tasks, while previous methods are typically designed for a specific environ-

ment and task.

4.2.2  Perception and interaction

Our work integrates perception and interaction, where an agent actively interfaces with the environ-
ment to learn policies that map pixels to actions. The synergy between perception and interaction
has drawn an increasing interest in the vision and robotics community. Recent work has enabled
faster learning and produced more robust visual representations [6} |146, |172] through interaction.
Some early successes have been shown in physical understanding [46, 131, /134,|159] by interacting

with an environment.

4.2.3 Deep reinforcement learning

Recent work in reinforcement learning has started to exploit the power of deep neural networks.
Deep RL methods have shown success in several domains such as video games [157]], board
games [1935]], and continuous control [[137]. Model-free RL methods (e.g., [137, /156, 157]) aim at
learning to behave solely from actions and their environment feedback; while model-based RL ap-
proaches (e.g., [43, 189, 210]) also estimate a environment model. Successor representation (SR),
proposed by Dayan [42], can be considered as a hybrid approach of model-based and model-free
RL. Barreto et al. [[15] derived a bound on value functions of an optimal policy when transferring
policies using successor representations. Kulkarni et al. [[128]] proposed a method to learn deep
successor features. In this chapter, we propose a new SR architecture with significantly reduced
parameters, especially in large action spaces, to facilitate model convergence. We propose to first
train the model with imitation learning and fine-tune with RL. It enables us to perform more real-

istic tasks and offers significant benefits for transfer learning to new tasks.
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4.2.4 Learning from demonstrations

Expert demonstrations offer a source of supervision in tasks which must usually be learned with
copious random exploration. A line of work interleaves policy execution and learning from expert
demonstration that has achieved good practical results [40, |180]. Recent works have employed a
series of new techniques for imitation learning, such as generative adversarial networks [89, |135],
Monte Carlo tree search [73]] and guided policy search [132], which learn end-to-end policies from

pixels to actions.

4.2.5 Synthetic data for visual tasks

Computer games and simulated platforms have been used for training perceptual tasks, such as
semantic segmentation [78]], pedestrian detection [148]], pose estimation [[168]], and urban driv-
ing [7, |29, [177, [179]]. In robotics, there is a long history of using simulated environments for
learning and testing before real-world deployment [[117]. Several interactive platforms have been
proposed for learning control with visual inputs [16, 112} |120} |131} [236]. Among these, AI2-
THOR [120] provides high-quality realistic indoor scenes. Our work extends AI2-THOR with a

new set of actions and the integration of a planner.
4.3 Interactive Framework

To enable interactions with objects and with the environment, we modify the AI2-THOR frame-
work [249] to better-suit the requirements of Visual Semantic Planning. Our modifications includes

new object states, and a discrete description of the scene in a planning language [58]].

4.3.1 Scenes

In this chapter, we focus on kitchen scenes, as they allow for a variety of tasks with objects from
many categories. We limit our experiments in AI2-THOR to 10 individual kitchen scenes. Each
scene contains an average of 53 distinct objects with which the agent can interact. The scenes are

developed using the Unity 3D game engine.
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Before After Before After

Navigate to
microwave
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microwave
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fridge egg
Put Look Down
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Figure 4.2: AI2-THOR Example Images. These demonstrate the state changes before and after
an object interaction from each of the six action types in our framework. Each action changes the
visual state and certain actions may enable further interactions such as opening the fridge before

taking an object from it.

4.3.2 Objects and Actions

We categorize the objects by their affordances [65], i.e., the plausible set of actions that can be per-
formed. For the tasks of interest, we focus on two types of objects: 1) items that are small objects
(mug, apple, etc.) which can be picked up, held, and moved by the agent to various locations in
the scene, and 2) receptacles that are large objects (table, sink, etc.) which are stationary and can
hold a fixed capacity of items. A subset of receptacles, such as fridges and cabinets, are containers.
These containers have doors that can be opened and closed. The agent can only put an item in a
container when it is open. We assume that the agent can hold at most one ifem at any point. We
further define the following actions to interact with the objects:

1. Navigate {receptacle}: moving from the current location of the agent to a location near the

receptacle;
2. Open {container}: opening the door of a container in front of an agent;
3. Close {container}: closing the door of a container in front of an agent;

4. Pick Up {item}: picking up an item in field of view;
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5. Put {receptacle}: putting a held item in the receptacle;

6. Look Up and Look Down: tilting the agent’s gaze 30 degrees up or down.
In summary, we have six action types, each taking a corresponding type of action arguments. The
combination of actions and arguments results in a large action set of 80 per scene on average.
Figure {.2]illustrates example scenes and the six types of actions in our framework. Our definition
of action space makes two important abstractions to make learning tractable: 1) it abstracts away
from navigation, which can be tackled by a subroutine using existing methods such as [249]; and
2) it allows the model to learn with semantic actions, abstracting away from continuous motions,
e.g., the physical movement of a robot arm to grasp an object. A common treatment for this
abstraction is to “fill in the gaps” between semantic actions with callouts to a continuous motion
planner [[105, 202]]. It is evident that not all actions can be performed in every situation. For
example, the agent cannot pick up an item when it is out of sight, or put a tomato into fridge
when the fridge door is closed. To address these requirements, we specify the preconditions and
effects of actions. Next we introduce an approach to declaring them as logical rules in a planning
language. These rules are only encoded in the environment but not exposed to the agent. Hence,

the agent must learn them through interaction.

4.3.3 Planning Language

The problem of generating a sequence of actions that leads to the goal state has been formally stud-
ied in the field of automated planning [64]. Planning languages offer a standard way of expressing
an automated planning problem instance, which can be solved by an off-the-shelf planner. We use
STRIPS [58] as the planning language to describe our visual planning problem.

In STRIPS, a planning problem is composed of a description of an initial state, a specification
of the goal state(s), and a set of actions. In visual planning, the initial state corresponds to the initial
configuration of the scene. The specification of the goal state is a boolean function that returns true
on states where the task is completed. Each action is defined by its precondition (conditions that
must be satisfied before the action is performed) and postcondition (changes caused by the action).

The STRIPS formulation enables us to define the rules of the scene, such as object affordances and
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Figure 4.3: Successor Representation (SR) Architecture Overview. Our network takes in the
current state as well as a specific action and predicts an immediate reward r, s as well as a dis-
counted future reward (), s, performing this evaluation for each action. The learned policy 7 takes

the argmax over all () values as its chosen action.

causality of actions.
4.4 Decomposition using Successor Representation

We first outline the basics of policy learning in Sec. #.4.1] Next we formulate the visual semantic
planning problem as a policy learning problem and describe our model based on successor repre-
sentation. Later we propose two protocols of training this model using imitation learning (IL) and
reinforcement learning (RL). To this end, we use IL to bootstrap our model and use RL to further

improve its performance.
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4.4.1 Successor Representation

We formulate the agent’s interactions with an environment as a Markov Decision Process (MDP),
which can be specified by a tuple (S, A,p,r,v). S and A are the sets of states and actions. For
s € Sand a € A, p(s|s,a) defines the probability of transiting from the state s to the next state
s’ € S by taking action a. r(s,a) is a real-value function that defines the expected immediate
reward of taking action «a in state s. For a state-action trajectory, we define the future discounted
return R = 7 4'r(s;, a;), where v € [0,1] is called the discount factor, which trades off the
importance of immediate rewards versus future rewards.

A policy 7 : § — A defines a mapping from states to actions. The goal of policy learning
is to find the optimal policy 7* that maximizes the future discounted return R starting from state
so and following the policy 7*. Instead of directly optimizing a parameterized policy, we take a
value-based approach. We define a state-action value function Q™ : S x A — R under a policy 7
as

Q" (s,a) = E™[R|sog = s, a0 = a], 4.1)

1.e., the expected episode return starting from state s, taking action a, and following policy 7. The

Q value of the optimal policy 7* obeys the Bellman equation [2006]:
Q™ (s,a) = E™ [r(s,a) + ymax Q(s', a')] (4.2)

In deep Q networks [157], Q functions are approximated by a neural network ()(s, a|@), and can
be trained by minimizing the /,-distance between both sides of the Bellman equation in Eq. (4.2).
Once we learn Q™ , the optimal action at state s can be selected by a* = arg max, Q™ (s, a).
Successor representation (SR), proposed by Dayan [42], uses a similar value-based formulation
for policy learning. It differs from traditional Q learning by factoring the value function into a dot
product of two components: a reward predictor vector w and a predictive successor feature ¢ (s, a).

To derive the SR formulation, we start by factoring the immediate rewards such that

r(s,a) = ¢(s,a)"w, (4.3)
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where ¢(s, a) is a state-action feature. We expand Eq. (4.1) using this reward factorization:

Q" (s,a) = E”[Z v (si, a:)|so = s, a0 = al

=0

= EW[Z 7' (si, ai)TW‘SO = s,a9 = aj
i=0

= E”[Z Vb(si,a:)|s0 = 5, a0 = a]'w
i=0
= 7 (s,a)"w (4.4)

We refer to ¢(s,a)™ = E™[> 7 7' ¢s.alS0 = $,a0 = a] as the successor features of the pair (s, a)
under policy 7.

Intuitively, the successor feature ¢)™ (s, a) summarizes the environment dynamics under a pol-
icy 7 in a state-action feature space, which can be interpreted as the expected future “feature oc-
cupancy”. The reward predictor vector w induces the structure of the reward functions, which can
be considered as an embedding of a task. Such decompositions have been shown to offer several
advantages, such as being adaptive to changes in distal rewards and apt to option discovery [|128].
A theoretical result derived by Barreto et al. implies a bound on performance guarantee when the
agent transfers a policy from a task ¢ to a similar task ¢/, where task similarity is determined by
the /5-distance of the corresponding w vectors between these two tasks ¢ and t' [15]]. Successor

representation thus provides a generic framework for policy transfer in reinforcement learning.

4.4.2 Our Model

We formulate the problem of visual semantic planning as a policy learning problem. Formally,
we denote a task by a Boolean function ¢ : S — {0, 1}, where a state s completes the task ¢ iff
t(s) = 1. The goal is to find an optimal policy 7*, such that given an initial state sy, 7* generates
a state-action trajectory 7 = {(s;,a;) |i = 0...T} that maximizes the sum of immediate rewards
ziT:_Ol r(si,a;), where t(so._ 1) = 0 and t(sy) = 1.

We parameterize such a policy using the successor representation (SR) model from the previous

section. We develop a new neural network architecture to learn ¢, ¢ and w. The network archi-
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tecture is illustrated in Fig. 4.3] In AI2-THOR, the agent’s observations come from a first-person
RGB camera. We also pass the agent’s internal state as input, expressed by one-hot encodings
of the held object in its inventory. The action space is described in Sec. d.3.2] We start by com-
puting embedding vectors for the states and the actions. The image is passed through a 3-layer
convolutional encoder, and the internal state through a 2-layer MLP, producing a state embedding
s = f(; Ocnn, Oine). The action a = [ayype, Garg| is encoded as one-hot vectors and passed through
a 2-layer MLP encoder that produces an action embedding 11, = g(aiype, Qarg; Gmlp). We fuse the
state and action embeddings and generate the state-action feature ¢ , = h(fis, ftq; 6,) and the suc-
cessor feature ©)s , = m(ps, fta; 0,) in two branches. The network predicts the immediate reward

Tsaq = 8T7aw and the Q value under the current policy (), , = Zjaw using the decomposition from

)

Eq. (3.3) and (4.4).

4.4.3 Imitation Learning

Our SR-based policy can be learned in two fashions. First, it can be trained by imitation learning
(IL) under the supervision of the trajectories of an optimal planner. Second, it can be learned by
trial and error using reinforcement learning (RL). In practice, we find that the large action space
in AI2-THOR makes RL from scratch intractable due to the challenge of exploration. The best
model performance is produced by IL bootstrapping followed by RL fine-tuning. Given a task, we

generate a state-action trajectory:

T = {(So, ao), {(51, al), ey (ST—la CLT_l), (ST, @)} (45)

using the planner from the initial state-action pair (sg, ag) to the goal state s (no action is per-
formed at terminal states). This trajectory is generated on a low-dimensional state representation
in the STRIPS planner (Sec. [4.3.3). Each low-dimensional state corresponds to an RGB image,
i.e., the agent’s visual observation. During training, we perform input remapping to supervise the
model with image-action pairs rather than feeding the low-dimensional planner states to the net-
work. To fully explore the state space, we take planner actions as well as random actions off the

optimal plan. After each action, we recompute the trajectory. This process of generating train-
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Planning

Action: open (microwave)
Preconditions:  near (microwave), is_closed (microwave)

Postconditions: is_open (microwave)

From planner trajectory to training data

{(sy@p): (8458,)s (S5585)s -+, (S1,2)}
/ / | \
input remapping

/

 8g): (% a,), # :

v/
=
{( T

Figure 4.4: STRIPS Planner Setup. We use a planner to generate a trajectory from an initial
state-action pair (s, ag) to a goal state sy. We describe each scene in a STRIPS-based planning
language, where actions are specified by their pre- and post-conditions (see Sec.[#.3.3). We perform
input remapping, illustrated in the blue box, to obtain the image-action pairs from the trajectory as

training data. After performing an action, we update the plan and repeat.

ing data from a planner is illustrated in Fig. #.4] Each state-action pair is associated with a true
immediate reward 7, ,. We use the mean squared loss function to minimize the error of reward

prediction:
1
Lo== (Fea—oL,w)% (4.6)
=0
Following the REINFORCE rule [206], we use the discounted return along the trajectory 7 as

an unbiased estimate of the true Q value: QS,G ~ Zz:ol 7’?5,@. We use the mean squared loss to

minimize the error of Q prediction:

Lo =(Qsa— T, w)? 4.7)
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The final loss on the planner trajectory 7 is the sum of the reward loss and the Q loss: L =
L, + Lq. Using this loss signal, we train the whole SR network on a large collection of planner

trajectories starting from random initial states.

4.4.4 Reinforcement Learning

When training our SR model using RL, we can still use the mean squared loss in Eq. (4.6) to
supervise the learning of reward prediction branch for ¢ and w. However, in absence of expert
trajectories, we would need an iterative way to learn the successor features ). Rewriting the

Bellman equation in Eq. (4.2) with the SR factorization, we can obtain an equality on ¢ and v:

V™ (s,a) = E7 [¢(s, a) + (s, a)] (4.8)

where ' = arg max, ¢(s’,a)”w. Similar to DQN [157]], we minimize the {-loss between both
sides of Eq. (4.8):
LSR = Eﬂ—[(gbs,a + 7¢S’,a’ - ;r,a)2] (49)

We use a similar procedure to Kulkarni ef al. [[128] to train our SR model. The model alternates
training between the reward branch and the SR branch. At each iteration, a mini-batch is randomly

drawn from a replay buffer of past experiences [[157] to perform one SGD update.

4.4.5 Transfer with Successor Features

A major advantage of successor features is its ability to transfer across tasks by exploiting the
structure shared by the tasks. Given a fixed state-action representation ¢, let M, be the set of all
possible MDPs induced by ¢ and all instantiations of the reward prediction vectors w. Assume
that 7} is the optimal policy of the i-th task in the set {M; € My|i = 1,...n}. Let M, 1, tobe a
new task. We denote QZ’L as the value function of executing the optimal policy of the task M; on
the new task M,, ., and QZH as an approximation of QZ{H by our SR model. Given a bound on

the approximations such that

~

Qria(s,a) — Qrii(s,a)| <e VseS,aeAi=1,...,n,
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we define a policy 7’ for the new task M, | using Ql,...,n’ where 7’(s) = arg max, max; QZH (s,a).
Theorem 2 in Barreto et al. [[15] implies a bound of the gap between value functions of the optimal
policy 7, and the policy 7':

20m

Quii' (5:0) = Qa(s, @) < T (min i = W + ),

where ¢, = max;, ||¢(s,a)||. This result serves the theoretical foundation of policy transfer in
our SR model. In practice, when transferring to a new task while the scene dynamics remain the
same, we freeze all model parameters except the single vector w. This way, the policy of the new
task can be learned with substantially higher sample efficiency than training a new network from

scratch.

4.4.6 Implementation Details

We feed a history of the past four observations, converted to grayscale, to account for the agent’s
motions. We use a time cost of —0.01 to encourage shorter plans and a task completion reward of
10.0. We train our model with imitation learning for 500k iterations with a batch size of 32, and
a learning rate of le-4. We also include the successor loss in Eq. (4.9) during imitation learning,
which helps learn better successor features. We subsequently fine-tune the network with reinforce-

ment learning with 10,000 episodes.
4.5 Experiments

We evaluate our model using the extended AI2-THOR framework on a variety of household tasks.
We compare our method against standard reinforcement learning techniques as well as with non-
successor based deep models. The tasks compare the different methods’ abilities to learn across
varying time horizons. We also demonstrate the SR network’s ability to efficiently adapt to new
tasks. Finally, we show that our model can learn a notion of object affordance by interacting with

the scene.
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Easy Medium Hard

Method Success Rate Mean (Std.) Episode Length Success Rate Mean (Std.) Episode Length Success Rate Mean (Std.) Episode Length
Random Action 1.00 696.33 (744.71) 0.00 - 0.04 2827.08 (927.84)
Random Valid Action 1.00 64.03 (68.04) 0.02 3897.50 (548.50) 0.36 2194.83 (1401.72)
A3C [156] 0.96 101.12 (151.04) 0.00 - 0.04 2674.29 (4370.40)
CLS-MLP 1.00 2.42 (0.70) 0.65 256.32 (700.78) 0.65 475.86 (806.42)
CLS-LSTM 1.00 2.86 (0.37) 0.80 314.05 (606.25) 0.66 136.94 (523.60)
SR IL (ours) 1.00 2.70 (1.06) 0.80 32.32(29.22) 0.65 34.25 (63.81)
SR IL + RL (ours) 1.00 2.57 (1.04) 0.80 26.56 (3.85) - -
Optimal planner 1.00 2.36 (1.04) 1.00 12.10 (6.16) 1.00 14.13 (9.09)

Table 4.1: Results of evaluating the model on the easy, medium, and hard tasks. For each task,
we evaluate how many out of the 100 episodes were completed (success rate) and the mean and
standard deviation for successful episode lengths. The numbers in parentheses show the standard

deviations. We do not fine-tune our SR IL model for the hard task.

4.5.1 Quantitative Evaluation

We examine the effectiveness of our model and baseline methods on a set of tasks that require three

levels of planning complexity in terms of optimal plan length.

Experiment Setup We explore the two training protocols introduced in Sec. to train our SR

model:

1. RL: we train the model solely based on trial and error, and learn the model parameters with

RL update rules.

2. IL: we use the planner to generate optimal trajectories starting from a large collection of
random initial state-action pairs. We use the imitation learning methods to train the networks

using supervised losses.

Empirically, we find that training with reinforcement learning from scratch cannot handle the
large action space. Thus, we report the performance of our SR model trained with imitation learn-

ing (SR IL) as well as with additional reinforcement learning fine-tuning (SR IL + RL).
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We compare our SR model with the state-of-the-art deep RL model, A3C [[156], which is an
advantage-based actor-critic method that allows the agent to learn from multiple copies of simula-
tion while updating a single model in an asynchronous fashion. A3C establishes a strong baseline
for reinforcement learning. We further use the same architecture to obtain two imitation learning
(behavior cloning) baselines. We use the same A3C network structure to train a softmax classifier
that predicts the planner actions given an input. The network predicts both the action types (e.g.,
Put) and the action arguments (e.g., apple). We call this baseline CLS-MLP. We also investigate
the role of memory in these models. To do this, we add an extra LSTM layer to the network before
action outputs, called CLS-LSTM. We also include simple agents that take random actions and

take random valid actions at each time step.

Levels of task difficulty We evaluate all of the models with three levels of task difficulty based

on the length of the optimal plans and the source of randomization:

1. Level 1 (Easy): Navigate to a container and toggle its state. A sample task would be go to
the microwave and open it if it is closed, close it otherwise.
The initial location of the agent and all container states are randomized. This task requires

identifying object states and reasoning about action preconditions.

2. Level 2 (Medium): Navigate to multiple receptacles, collect items, and deposit them in a
receptacle. A sample task here is pick up three mugs from three cabinets
and put them in the sink. Here we randomize the agent’s initial location, while
the item locations are fixed. This task requires a long trajectory of correct actions to complete

the goal.

3. Level 3 (Hard): Search for an item and put it in a receptacle. An example task is £ind
the apple and put it in the fridge. We randomize the agent’s location as
well as the location of all items. This task is especially difficult as it requires longer-term
memory to account for partial observability, such as which cabinets have previously been

checked.
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We evaluate all of the models on 10 easy tasks, 8 medium tasks, and 7 hard tasks, each across 100
episodes. Each episode terminates when a goal state is reached. We consider an episode fails if it
does not reach any goal state within 5,000 actions. We report the episode success rate and mean
episode length as the performance metrics. We exclude these failed episodes in the mean episode
length metric. For the easy and medium tasks, we train the imitation learning models to mimic the
optimal plans. However for the hard tasks, imitating the optimal plan is infeasible, as the location
of the object is uncertain. In this case, the target object is likely to hide in a cabinet or a fridge
which the agent cannot see. Therefore, we train the models to imitate a plan which searches for
the object from all the receptacles in a fixed order. For the same reason, we do not perform RL
fine-tuning for the hard tasks.

Table summarizes the results of these experiments. Pure RL-based methods struggle with
the medium and hard tasks because the action space is so large that naive exploration rarely, if ever,
succeeds. Comparing CLS-MLP and CLS-LSTM, adding memory to the agent helps improving
success rate on medium tasks as well as completing tasks with shorter trajectories in hard tasks.
Overall, the SR methods outperform the baselines across all three task difficulties. Fine-tuning the
SR IL model with reinforcement learning further reduces the number of steps towards the goal.

More qualitative results can be found in the supplementary video.

4.5.2  Task Transfer

One major benefit of the successor representation decomposition is its ability to transfer to new
tasks while only retraining the reward prediction vector w, while freezing the successor features.
We examine the sample efficiency of adapting a trained SR model on multiple novel tasks in the
same scene. We examine policy transfer in the hard tasks, as the scene dynamics of the searching
policy retains, even when the objects to be searched vary. We evaluate the speed at which the SR
model converges on a new task by fine-tuning the w vector versus training the model from scratch.
We take a policy for searching a bowl in the scene and substituting four new items (lettuce, egg,
container, and apple) in each new task. Fig. 4.5 shows the episode success rates (bar chart) and

the successful action rate (line plot). By fine-tuning w, the model quickly adapts to new tasks,
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Figure 4.5: Success Rates Over Time. We compare updating w with retraining the whole net-
work for new hard tasks in the same scene. By using successor features, we can quickly learn an
accurate policy for the new item. Bar charts correspond to the episode success rates, and line plots

correspond to successful action rate.

yielding both high episode success rate and successful action rate. In contrast, the model trained
from scratch takes substantially longer to converge. We also experiment with fine-tuning the entire

model, and it suffers from similar slow convergence.

4.5.3 Learning Affordances

An agent in an interactive environment needs to be able to reason about the causal effects of ac-

tions. We expect our SR model to learn the pre- and post-conditions of actions through interaction,
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Figure 4.6: Transfer Comparison. We compare the different model’s likelihood of perform-
ing a successful action during execution. A3C suffers from the large action space due to naive
exploration. Imitation learning models are capable of differentiating between successful and un-

successful actions because the supervised loss discourages the selection of unsuccessful actions.

such that it develops a notion of affordance [[65], i.e., which actions can be performed under a
circumstance. In the real world, such knowledge could help prevent damages to the agent and the
environment caused by unexpected or invalid actions.

We first evaluate each network’s ability to implicitly learn affordances when trained on the tasks
in Sec. #.5.1] In these tasks, we penalize unnecessary actions with a small time penalty, but we
do not explicitly tell the network which actions succeed and which fail. Fig. {.6] illustrates that
a standard reinforcement learning method cannot filter out unnecessary actions especially given
delayed rewards. Imitation learning methods produce significantly fewer failed actions because
they can directly evaluate whether each action gets them closer to the goal state.

We also analyze the successor network’s capability of explicitly learning affordances. We train
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Figure 4.7: Visualization of a t-SNE embedding of the state-action vector ¢, , for a random
set of state-action pairs. Successful state-action pairs are shown in green, and unsuccessful pairs
in orange. The two blue circles highlight portions of the embedding with very similar images but

different actions. The network can differentiate successful pairs from unsuccessful ones.

our SR model with reinforcement learning, by executing a completely random policy in the scene.
We define the immediate reward of issuing a successful action as +1.0 and an unsuccessful one as
—1.0. The agent learns in 10,000 episodes. Fig.[.7|shows a t-SNE [[142]] visualization of the state-
action features ¢, ,. We see that the network learns to cluster successful state action pairs (shown
in green) separate from unsuccessful pairs (orange). The network achieves an ROC-AUC of 0.91
on predicting immediate rewards over random state-action actions, indicating that the model can
differentiate successful and unsuccessful actions by performing actions and learning from their

outcomes.
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4.6 Conclusions

In this chapter, we argue that visual semantic planning is an important next task in computer vision.
Our proposed solution shows promising results in predicting a sequence of actions that change the
current state of the visual world to a desired goal state. We have examined several different tasks
with varying degrees of difficulty and show that our proposed model based on deep successor repre-
sentations achieves near optimal results in the challenging AI2-THOR environment. We also show
promising cross-task knowledge transfer results, a crucial component of any generalizable solu-
tion. Our qualitative results show that our learned successor features encode knowledge of object
affordances, and action preconditions and post-effects. Our next steps involve exploring knowl-
edge transfer from AI2-THOR to real-world environments as well as examining the possibilities of

more complicated tasks with a richer set of actions.
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Chapter 5

SPLITNET: SIM2SIM AND TASK2TASK TRANSFER
FOR EMBODIED VISUAL NAVIGATION

In the previous chapter, we used the successor representation to decompose the network into a
“dynamics” branch and a “policy” branch to decouple scene dynamics from planning-task policy.
Similarly, in this chapter we decompose the network into a “perception” branch and a “policy”

branch in order to allow for better transfer and faster adaptation to new visual and policy needs.
5.1 Introduction

The recent deep learning revolution in perception systems has enabled robots to better-understand
their surroundings, navigate efficiently and safely, and perform a large variety of tasks in complex
environments. A practical application of the recent successes in Deep Reinforcement Learning
is to train robots with minimal supervision to perform these tasks. Yet poorly-trained agents can
easily injure themselves, the environment, or others. These concerns, as well as the difficulty
in parallelizing and reproducing experiments at a low cost, have drawn research interest towards
simulation environments [26, 120, 237}, 239, [187]].

However no simulator perfectly replicates reality, and agents trained in simulation often fail
to generalize to the real-world. Transferring learned policies from simulation to the real-world
(Sim2Real) has become an area of broad interest [[171, 182, [215] yet there still exists a sizable
performance gap for most algorithms. Furthermore, Sim2Real transfer reintroduces safety and
reproducibility concerns. To mitigate this, we explore the related task of Sim2Sim, transferring
policies between simulators, for embodied visual navigation (Figure [5.I). Transferring between
simulators incurs a similar “reality gap” as between simulation and reality, due to differences in

data collection and rendering. Learning to transfer between simulation environments serves as an
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Figure 5.1: SplitNet Decomposition. We decompose learning of visual navigation tasks into
learning of a visual encoder and learning of an embodied task decoder. Through this decomposition

we enable fast transfer to new visual environments and transfer to new embodied tasks.

encouraging preliminary step towards true Sim2Real transfer.

To enable Sim2Sim transfer we propose SplitNet, a composable model for embodied visual
tasks which allows for the sharing and reuse of information between different visual environments.
SplitNet enables transfer across different embodied tasks (Task2Task), meaning our model can
learn new skills quickly and adapt to the ever-changing requirements of end users. Our key insight
is to observe that embodied visual tasks are naturally decomposable into visual representation
learning to extract task agnostic salient information from the visual input, and policy learning to
interpret the visual representation and determine a proper action for the agent. Rather than learning
these components solely independently or completely tied, we introduce an algorithm for learning
these embodied visual tasks which benefits both from the scalability and strong in-domain, on-task
performance of an end-to-end system and from the generalization and fast adaptability of modular
systems.

SplitNet incorporates auxiliary visual tasks, such as depth prediction, as a source of interme-
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diate supervision which guides the visual representation learning to extract information from the
images extending beyond the initial embodied task. We demonstrate that initial pre-training of the
visual representation on such auxiliary visual tasks produces a more robust initialization than the
standard approach of pre-training on auxiliary visual datasets (e.g. ImageNet [45]]) which may not
be from an embodied perspective. Then we showcase the composability of our model by illus-
trating its ability to selectively adapt only the visual representation (when moving to a new visual
environment) or only its policy (when moving to a new embodied task).

We center our evaluation on adapting between different simulators of varying fidelity and be-
tween different embodied tasks. Specifically, our experiments show that compared to end-to-end
methods, SplitNet learns more transferable visual features for the task of visual point-to-point nav-
igation, reduces overfitting to small samples from a new target simulator, and adapts faster and
better to novel embodied tasks.

In summary, our contributions are 1. a principled way to decouple perception and policy (in
our case navigation), 2. showing that this technique improves performance on the primary task
and facilitates transfer to new environments and tasks, 3. describing specifically how to update the

weights for new tasks or new environments using significantly less data to adapt[]

5.2 Related Work

This chapter introduces a learning approach for transferring visual representations between en-
vironments and for transferring policy information between different embodied tasks. The most
related lines of work focus on adaptation and transfer of visual representations, deep reinforce-
ment learning (especially from visual inputs), and transferring from simulation to the real-world

(Sim2Real) both for visual and embodied tasks.

ICode available at https://github.com/facebookresearch/splitnet
Video available athttps://youtu.be/AKQEIRyOIMY


https://github.com/facebookresearch/splitnet
https://youtu.be/AKQE9RyOIMY
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5.2.1 Visual Transfer and Adaptation

Many works have explicitly studied techniques for increasing the reusability of learned informa-
tion across different visual tasks. Domain adaptation research has mainly focused on reusing a
representation even as the input distribution changes, with most work focusing on representation
alignment through explicit statistics [14 1}, [205] or through implicit discrepancy minimization with
a domain adversarial loss [[61, 219]. A related line of work focuses on sharing between two im-
age collections through direct image-to-image transfer [[174, |248], whereby a mapping function
is learned to take an image from one domain and translate it to mimic an image from the second
domain [22, 91} 140, [209].

In parallel, many works focus on reusing learned representations for solving related visual
tasks. The most prevalent such technique is simply using the first representation parameters as
initialization for learning the second, termed finetuning [66]]. A recent study proposed a technique
for computing the similarity between a suite of visual tasks to create a Taskonomy [241] which
may be used to determine, given a new task, which prior tasks should be used for the initialization
before continued learning. This method focuses on “passive” visual understanding tasks such as
recognition, reconstruction and depth estimation and does not delve into learning representations
for “active” tasks such as embodied navigation where an agent must both understand the world and
directly use its understanding for some underlying task.

Overall, much of the prior work has focused on representation learning for visual recognition.
In contrast, this chapter studies transfer of visuomotor policies for embodied tasks and decomposes
the problem into transfer of visual representations for embodied imagery (Sim2Sim) and transfer

of policies across various downstream embodied tasks (Task2Task).

5.2.2 Visual RL Tasks

In parallel with the development of deep representation learning for passive visual tasks, there has
also been a plethora of recent research on policy learning from visual inputs inspired by the success

of end-to-end visuomotor policy learning [132, [133] [156]. Much of the success here comes from
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training on large-scale [[133]] data, frequently made possible by extensive use of simulation envi-
ronments [74,|156| 170, 249]]. These techniques often leverage the additional supervision and aux-
iliary tasks given by the simulators to bootstrap their learning [[153] [188]]. Perceptual Actor [[188]]
specifically examines how 20 different pretraining tasks affect the learning speed and accuracy of
a visual navigation policy as compared to random initialization. Others use unsupervised [99] or
self-supervised [170] learning as an additional signal in domains with sparse rewards. We build on
these approaches by explicitly separating the auxiliary learning from the policy layers to ensure a
decoupling of the weights which enables better transfer to new environments.

For increased task generalization, others (including us in Chapter 4] have proposed using the
successor representation [244]] which decomposes the reward and Q-functions into a state-action
feature ¢, 4, a successor feature 1); , and a task reward vector w. This decomposes the network into
one which learns the dynamics of the environment separate from the specified task, which allows
for faster transfer to new tasks by only retraining the task embedding w. Our proposed method

allows quick transfer to new tasks as well as new environments.

5.2.3 Sim2Real

Significant progress has been made on adapting between simulated and real imagery for visual
recognition, especially in the context of semantic segmentation in driving scenes [91} 92, 96, 246].
These techniques build on the visual domain adaptation methods described above. In parallel,
there has been work on transferring visual policies learned in simulation to the real-world, but
often limited to simple visual domains [[182, 215]] which bear little resemblance to the complex-
ity of true real-world scenes. Rusu et al. [182] train a network in simulation before initializing
a new network which receives outputs from the simulation-trained network as well as real-world
inputs. Yet their evaluation is limited to simple block picking experiments with no complex vi-
sual scenes. Peng et al. [171] use randomization over the robot dynamics to learn robust poli-
cies, but do not use visual inputs in simulation or reality and only perform simple puck-pushing
tasks. Sadeghi et al. [184] also uses randomization of textures, lighting, and furniture place-

ment in a simulation environment for Sim2Real transfer of drone flight. Tobin et al. [215] and



74

Sadeghi et al. [185]] randomize colors, textures, lighting, and camera pose as a form of augmenta-
tion of the simulated imagery to better generalize to real-world imagery for picking tasks. [215]]
focuses on primitive geometric objects for picking tasks and does not decouple visual feature learn-
ing from policy learning which limits the transferrability of their method to new tasks. [[185]] shows
similar benefits of decoupling perception and policy for Sim2Real transfer, but do not explore trans-
fer to new tasks. Two recent method [160, 183]], uses semantic segmentation and obstacle detection
as an intermediate objective to aid in transferring learned driving policies from simulation to the
real-world. While we do not transfer our policies to real robots, we focus on visually diverse scenes
which better match the complexity of the real-world then the simplistic setups of many of the prior
policy transfer approaches. Similar to Miiller et al. [160] we use auxiliary intermediate objectives
to aid in transfer, but in our case focus on a set of auxiliary visual and motion tasks which gen-
eralize to many downstream embodied tasks and propose techniques to selectively transfer either

across visual environments or across embodied tasks.
5.3 Decoupled Perception and Policy

Solving complex visual planning problems frequently requires different types of abstract under-
standing and reasoning based on the visual inputs. In order to learn compact representations and
generalizable policies, it is often necessary to go beyond the end-to-end training paradigm. This is
especially true when the initial learning setting (source domain) and current learning setting (target
domain) have sufficiently different visual properties (e.g. differing visual fidelity as seen in Figure
[5.1] left) or different objectives (e.g. transfer from one task to another as in Figure [5.1] right). In
this section we outline the learning tasks we use, and our strategy for training a network which

transfers to new visual domains and new embodied tasks.

5.3.1 Embodied Tasks

In this chapter, we focus on the following three visual navigation tasks which require memory,

planning, and geometric understanding: Point-to-Point Navigation (Point-Nav), Scene Exploration
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(Exploration), and Run Away from Location (Flee). In our experiments, all tasks share a discrete

action space: Move Forward by 0.25 meters and Rotate Left/Right by 10 degrees.

1. Point-to-Point Navigation (Point-Nav) An agent is directed to go to a point via a constantly
updating tuple of (angle to goal, distance to goal). The agent succeeds if it ends the episode
within a fixed radius of the goal. In our experiments we use a success radius of 0.2 meters
and the agent is spawned anywhere from 1 to 30 meters from the goal. The agent is provided
with a one-hot encoding of its previous action. Since the agent is given the distance to the

goal, learning the Stop action is trivial, so we disregard it.

2. Scene Exploration (Exploration) We discretize the world-space into 1 meter cubes and
count the number of distinct cubes visited by the agent during a fixed duration. This task
differs from Point-to-Point Navigation in that no absolute or relative spatial locations are
provided to the agent. This prohibits agents from learning to detect collisions by comparing
location values from two timesteps, requiring them to visually detect collisions. The agent

still receives a one-hot encoding of its previous action.

3. Run Away from Location (Flee) The goal of this task is to maximize the geodesic dis-
tance from the start location and the agent’s final location in episodes of fixed length. As in

Exploration, no spatial locations are given to the agent.

5.3.2  Decomposing the Learning Problem

For visual navigation tasks, an agent must understand what it sees and it must use the perceived
world to decide what to do. Thus, we decompose visual navigation into the subtasks of (1) encod-
ing the visual information and (2) using the encoded information to navigate. At each time ¢ the
agent receives an egocentric image [; from the environment and must return a navigation action
a; in order to accomplish the task. Instead of learning actions directly from pixels, we break the
decision-making into two stages. First, a function F processes the image [; producing a feature

embedding ¢, = F(I;). Next, the features are decoded into an action a; = G(¢;). Our goal is
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Figure 5.2: SplitNet initial learning on source data and task. Given source visual inputs, the
visual encoder is trained using auxiliary visual and motion based tasks. Next, the policy decoder
is trained on the source embodied tasks with a fixed visual encoder. Gradients from the embodied
task (depicted as blue arrows) are stopped before the shared visual encoder to ensure decoupling

of the policy and perception.

to learn features ¢; which extract salient information for completing navigation tasks and which
generalize to new environments. Rather than passively expecting the end-to-end training to result
in transferable features, we directly optimize portions of the network with distinct objectives to

produce representations which are highly semantically meaningful and transferable.

5.3.3 Visual Encoder

Visual understanding comes in many forms and is highly dependent on the desired end task. In the

case of visual navigation, the agent must convert pixel inputs into an implicit or explicit geomet-
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ric understanding of the environment’s layout. To encapsulate these ideas, we train a bottleneck
encoder-decoder network supervised by several auxiliary visual and motion tasks. Each task uses
a shared encoder, and produces a general purpose feature, ¢,. This feature is then used as input to

learn a set of task specific decoders.

Auxiliary Visual Tasks: We encourage the shared encoder to extract geometric information from
the raw visual input by augmenting the learning objective with the following auxiliary visual tasks:
(1) prediction of depth through a depth decoder, D, (2) prediction of surface normals through
a surface normal decoder, S, and (3) RGB reconstruction through a reconstruction decoder, R
(sample outputs are shown in Appendix [D.4). For an input image I; with ground truth depth,
D, and ground truth surface normals .5;, the learning objective for each of these auxiliary visual

decoders is as follows:

Lp = Z ID(¢1) — Dillx 5.1)
pizels

52

p; HS ¢t |2 * ”StHQ ( )

Lr= D IR(@) = Ll 53
pizels

We use the ¢; loss for reconstruction and depth to encourage edge sharpness. We use the cosine

loss for the surface normals as it is a more natural fit for an angular output.

Auxiliary Motion Tasks: We additionally encourage the visual encoder to extract information
which may be generically useful for future embodied tasks by adding the following auxiliary mo-
tion tasks: (1) predict the egomotion (discrete action) of the agent with motion decoder £, and (2)
forecast the next features given the current features and a one-hot encoding of the action performed
with motion decoder P. For a visual encoding ¢; at time ¢, previous encoding ¢;_1, and action a,

that causes the agent to move from /;_; to [;, the learning objective for each of these auxiliary
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motion decoders is as follows:

Ly ==Y pla = a)log((dr, ¢r1)) (5.4)
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features

We use the cross-entropy loss as we use a discrete action space, and we use the cosine loss for next
feature prediction as it directly normalizes for scale which stops the network from forcing all the
features arbitrarily close to 0.

All objectives affecting the learning of the visual encoder can be summarized in the joint loss:

L=AgLr+ApLp+AsLs+ AgLp+ ApLp
where A, Ap, A\s, A, Ap are scalar hyperparameters which control the trade-off between the var-
ious tasks in this multi-task learning objective.

Rather than expecting our network to learn to extract geometric information decoupled from
the policy decoders, we force the visual representation to contain this information directly. This
decreases the likelihood of overfitting to training environments and thus increases the likelihood

that our model generalizes to unseen environments.

5.3.4  Policy Decoder

Our policy decoder takes as input the visual features ¢, and learns to predict a desired action, a1,
supervised by a reward signal provided by the desired task. To avoid purely reactive policies, we
employ a GRU [33]] to add temporal context. The output of the policy layers predicts a probabil-
ity distribution over the discretized action space and a value estimate for the current state. The
probability distribution is sampled to determine which action to perform next.

When training the policy decoder, we fix our visual encoder and optimize only the policy
decoder weights for the chosen task i.e. gradients do not propagate from the source task to the
visual layers (see Figure for an illustration of the gradient flow from the embodied task loss).

This prevents policy information from leaking into the visual representation, ensuring the visual
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encoder generalizes well for many tasks. For the task of Point-to-Point Navigation we use two

training strategies: BC and BC, PPO.

BC: We train the agent using behavioral cloning (BC) where the ground truth represents the
action which would maximally decrease the geodesic distance between the current position and
the goal. This is trained in a “student-forcing” regime i.e. the agent executes actions based on its

policy, but evaluates the actions using the ground truth.

BC, PPO: We initialize the agent with the weights from the BC setting and update only the

policy layers using the PPO algorithm [192] with a shaped reward based on the geodesic distance
to the goal, Geo(P, G):

rfomtnav _ GGO(]Dt_l, G) — GGO(B, G) + Ar (5.6)

where P, is the agent’s location at time ¢, GG is the goal location, and A7 is a small constant time

penalty.

5.3.5 Selective Transfer to New Domains and Tasks

Adapting to new Visual Domains By decomposing the learning task into a perceptual encoder
and a policy decoder, each supervised by their own objectives, our model is able to learn more
transferable visual features than end-to-end methods. Furthermore, our model can quickly adapt its
perceptual understanding with auxiliary visual and motion based training in the target environment
without needing to modify the policy. Figure illustrates the visual encoder adaptation learning
procedure. Given a small sample of data and tasks in the target domain, we backpropagate gradients
through the policy decodelﬂ and the auxiliary task layers but freeze the weights for all but the
shared visual encoder. By doing so, our model can quickly adapt its perception without overfitting

the policy to the small sample.

2Without propagating gradients through the policy decoder, the encoder feature representation shifts and no longer
matches the policy decoder.
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Figure 5.3: SplitNet visual domain transfer.  Figure 5.4: SplitNet task transfer. When
When the target visual inputs differ from the  learning a new embodied task for the same vi-
source visual inputs while the desired embod- sual inputs as in the source initial learning, our
ied task remains fixed, our model updates the =~ model fixes the shared visual encoder and up-
shared visual encoder using only auxiliary vi- dates the policy decoder using the new target
sual and motion based learning tasks. All de- embodied loss.

coder weights are frozen (to prevent overfit-

ting), but gradients propagate through all de-

coder layers to the encoder.

Adapting to new Tasks When transferring to a new embodied task operating in the same visual
space, our model only needs to update the policy decoder parameters (see Figure [5.4). While
reusing lower-level features for new tasks by replacing and retraining the final layers is a common
technique in deep learning [66, 69] our model naturally decouples perception and reasoning
offering a clear solution as to which layers to freeze or finetune. Rich perceptual features often
transfer to tasks which require different reasoning assuming that the representation encodes the
necessary information for the new task. By using auxiliary tasks to inform the updates to the
visual encoder, we aim to encourage learning of intermediate features that capture semantically
meaningful information which should better transfer to new tasks than arbitrary latent features.
For example, the latent features from a purely end-to-end learned model may represent a variety of
different (sometimes spurious) correlations, while our features must contain enough information
to reconstruct depth and surface normals etc., so the network should be able to, for instance, avoid

obstacles using the exact same features. While this implies that the selection of an appropriate
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auxiliary task affects the success of our method, if necessary our network can still be trained end-
to-end using the pretrained weights as initialization.

In the specific cases of transferring from Point-Nav to Exploration or Flee we initialize the
model with the weights from the BC, PPO setting and update the policy decoder layers using PPO

with the new reward functions:

reiore _\isited,|| — ||Visitedy.|| + Ar (5.7)

ri* — Geo(P,, P,)) — Geo(P,_1, P,y) + Ar (5.8)

where ||Viisited,|| represents how many unique spatial locations the agent has visited at time t.

5.4 Experiments

To evaluate visual navigation tasks we use the Habitat scene renderer [187]] on scenes from the
near-photo-realistic 3D room datasets Matterport 3D (referred to as MP3D) [26] and Gibson [237]]

as well as a third 3D navigation dataset (referred to as IndoorEnv).

5.4.1 Baselines

We compare our results against traditional end-to-end (E2E) training algorithm results for all ex-
periments. These can be trained via the PPO algorithm, via behavioral cloning (BC), or pretrained
with BC and finetuned with PPO. One common technique across deep learning is to pretrain mod-
els on ImageNet [45]], and finetune the entire network on the desired task, which we also include
as a baseline. We do not freeze any weights when training E2E methods. We additionally include
blind (but learned) agents for each task and random-action agents to benchmark task difficulty. For
Point-Nav, we also include a Blind Goal Follower which aligns itself in the direction of goal vector

and moves forward, realigning after it collides with obstacles.

5.4.2 Generalization to Unseen Environments

The ability for an algorithm to generalize to unseen environments represents its effectiveness in

real-world scenarios. To begin analyzing our model, we experiment with the standard protocol
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IndoorEnv MP3D [26] Gibson [237]
Method SPL  Success SPL  Success SPL  Success

Random 0.012 0.027 0.011 0.016 0.046 0.028
Blind Goal Follower 0.199 0.203 0.155 0.158 0.325 0.319
Blind BC 0.159 0323 0232 0.382 0351 0.603
Blind BC, PPO 0.291 0377 0317 0471 0427 0.643
Blind PPO 0.258 0371 0313 0463 0.538 0.822
E2E PPO 0.324 0529 0322 0477 0.634 0.831
E2E BC 0.343 0.548 0459 0.737 0.509 0.824
E2E BC, PPO 0.393 0593 0521 0.733 0.606 0.869
ImageNet Pretrain, E2E BC 0.280 0.499 0315 0552 0548 0.843
ImageNet Pretrain, E2E BC, PPO 0.338 0.440 0.450 0.539 0.642 0.737
SplitNet BC 0421 0.687 0517 0.808 0.584 0.865
SplitNet BC, PPO 0.560 0.703 0.716 0.844 0.701 0.855

Table 5.1: Performance on Unseen Environments. Blind methods are not provided with visual
input but still receive an updated goal vector. “BC, PPO” methods are first trained with a softmax

loss to take the best next action and are finetuned with the PPO algorithm.

of training and evaluating on data from the same simulator, partitioning the scenes into train and
test. We compare performance for the Point-Nav task on three simulators (IndoorEnv, MP3D [26],
Gibson [237]) evaluating in never-before-seen scenes. We use the SPL metric proposed in [11]]

which can be stated as
1w l;
SPL = — S 59
N ; max(p;, ¢;) (59

where .S, is a success indicator for episode ¢, p; is the path length, and /; is the shortest path length.
This combines the accuracy (success) of a navigation method with its efficiency (path length) where
1.0 would be an oracle agent.

Effective policies generalize by understanding the geometry of the scenes rather than trying
to localize into a known map based on the visual inputs. SplitNet outperforms all other methods
by a wide margin on all three environments (shown in Table [5.I). Surprisingly, pretraining on
ImageNet does not offer better generalization, likely because the features required for ImageNet
are sufficiently different from those needed to navigate effectively (note, the convolutional weights

trained on ImageNet are not frozen during BC and PPO training). This is true even compared to
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Number Train Scenes Test Data Number Train Scenes Test Data
IndoorEnv  MP3D (Train) MP3D (Val) MP3D  Gibson (Train) Gibson (Val)

(Source) (Target) SPL  Success (Source) (Target) SPL  Success
Source E2E BC, PPO 990 0 0257  0.412 61 0 0.609  0.866
Source SplitNet BC, PPO 990 0 0.376  0.539 61 0 0.651 0.764
Target E2E BC 0 1 0.211 0.321 0 1 0.396  0.589
Target E2E Finetune 990 1 Failure Failure 61 1 Failure Failure
Target SplitNet Transfer 990 1 0.447 0.596 61 1 0.686 0.822
Target E2E BC 0 10 0.259  0.463 0 10 0.501 0.782
Target E2E Finetune 990 10 0.401 0.612 61 10 0.667  0.870
Target SplitNet Transfer 990 10 0.531 0.681 61 10 0.727  0.854
Target E2E BC, PPO 0 All (61) 0.521 0.733 0 All (72) 0.606  0.869
Target SplitNet BC, PPO 0 All (61) 0.716 0.844 0 All (72) 0.701  0.855

Table 5.2: Performance transferring across simulation environments (Sim2Sim). Our method,
SplitNet, significantly outperforms the end-to-end (E2E) baseline at the task of transferring across
simulated environments. For reference, we also report the performance of a source only trained
model (top two rows) or a target only trained model (bottom two rows). “Failure” indicates that

performance on the target data decreases after finetuning.

E2E without pretraining on ImageNet.

As qualitative intuition about the performance of the various methods, we depict the policies
for a subset of methods on an example MP3D episode from in Figure[5.5] For a fixed start (blue
diamond) and goal (green star) location, we show the output trajectory from each method where
the trajectory color (ranging from blue to red) denotes the number of steps so far. If a policy failed
to reach the goal, the final destination is denoted with a red “x”. From this visualization we can
see that SplitNet using BC and PPO successfully completes the task and does so with the shortest
overall path. At the beginning of the episode SplitNet BC is stuck behind the wall, but eventually
is able to navigate away from the wall and reach the target.

We further analyze the performance of SplitNet compared to baselines as a function of the
geodesic distance between the starting and goal locations in Figure [5.6] This distance is highly

correlated with the difficulty of an episode. Unsurprisingly, all methods degrade as the starting
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location is moved further from the goal location, but SplitNet retains its advantage over baselines
irrespective of the episode difficulty. Additionally, we see the performance gap widen over the

more difficult episodes, meaning we handle difficult episodes better than the baselines.

5.4.3 Transfer Across Simulators

We now study the ability for our method to transfer between visual environments for the fixed task
of Point-Nav. We denote Source to be the initial simulator in which we train our model using both
BC and PPO and denote this initial model as “Source SplitNet BC, PPO.” The baseline source
model that uses end-to-end training is denoted as “Source E2E BC, PPO.” We then compare our
method for transfer to the new simulator 7arget, described in Section @ and denoted as “Target
SplitNet Transfer,” against the end-to-end baseline finetuned on the target, “Target E2E Finetune.”

For reference, we also present the performance of training an end-to-end model using only the

Point-to-Point Navigation from MP3D Validation Set

SplitNet BC, PPO: SPL = 0.938 SplitNet BC: SPL = 0.486 E2E BC, PPO: SPL=0 Blind BC, PPO: SPL = 0

]
w®

0 steps 500 steps

[ 4 4 [ 4

Figure 5.5: Qualitative comparison of Point-Nav policies on MP3D validation. An exemplar
validation episode (fixed start and end location) and the predicted trajectories from baselines and

SplitNet.
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Figure 5.6: MP3D Point-Nav Performance vs episode difficulty. We compare our method, Split-
Net, to end-to-end (E2E) and blind learned baselines and report SPL performance as a function of
starting geodesic distance from the goal. SplitNet outperforms on all starting distances, especially

on the more difficult episodes.

available target data, denoted as “Target E2E BC.”

Table[5.2|reports our main results for this Sim2Sim transfer problem as a function of the amount
of available target scenes during training. We report performance for the two transfer settings of
IndoorEnv—MP3D and MP3D—Gibson. These simulators differ in terms of complexities of dif-
fering rendering appearance (as seen in Figure [5.1)), different environment construction methods
(synthetic vs. depth-scan reconstruction), and different environment size. Again, SplitNet out-
performs all baselines across all experiments in terms of the SPL metric and performs better or
comparable to the baseline in terms of success for all transfer setups. Even with no extra data, our
initially learned network is more generalizable to new environments, especially those which are
significantly different in appearance (IndoorEnv—MP3D). Of note, in both cases, SplitNet given
10 scenes from the target dataset matches or outperforms the end-to-end baseline SPL given the

entire target dataset.
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SplitNetModel Finetuned Target Scenes SPL.  Success

Transfer IndoorEnv — MP3D (train): Eval MP3D (val)

Source Only - - 0.376 0.539
Finetune Target V+P 1 0.435 0.586
Finetune Target v 1 0.447  0.596
Finetune Target V+P 10 0.400  0.552
Finetune Target v 10 0.531  0.681

Transfer MP3D — Gibson (train): Eval Gibson (val)

Source Only - - 0.651 0.764
Finetune Target V+P 1 Failure Failure
Finetune Target v 1 0.686  0.822
Finetune Target V+P 10 Failure Failure
Finetune Target \% 10 0.727  0.854

Table 5.3: Ablation of SplitNet Sim2Sim transfer strategy. SplitNet only updates the visual
encoder (“V”) and freezes the policy decoder (“P”’) when finetuning the source model. In contrast,

finetuning both V+P on the target leads to degraded performance.

Note, that our approach to visual environement transfer includes finetuning only the visual en-
coder in the target environment and leaving the policy decoder fixed. One may wonder whether
this is the optimal approach or whether our method would benefit from target updates to the policy
decoder as well. To answer this question, in Table [5.3| we report performance comparing the initial
source SplitNet performance to that of finetuning either only the visual encoder (“V”’) which is our
proposed approach or finetuning both the visual encoder and policy decoder (“V+P”). Interestingly,
we found that allowing updates to both the visual encoder and policy decoder in the target envi-
ronment lead to significant overfitting which resulted in failed generalization to the unseen scenes

from the validation sets. This confirms the benefit of our split training approach.
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Figure 5.7: IndoorEnv Task2Task performance as a function of target training episodes. Split-
Net Transfer and E2E Transfer are first trained on IndoorEnv Point-Nav, but SplitNet only updates
the policy layers whereas E2E updates the entire network. E2E from scratch is randomly initial-
ized a episode 0. The Blind method only receives its previous action as input and is randomly

initialized. Oracle agents perform at 33.5 and 19.5 respectively.

5.4.4  Transfer Across Tasks

We test the ability for SplitNet to learn a new task by first training the network on Point-Nav and
using our approach to transfer the model to the novel tasks of Exploration and Flee. All three tasks
require the ability to transform 2D visual inputs into 3D scene geometry, but the decisions about
what to do based on the perceived geometry are drastically different. Since SplitNet decouples the
policy from the perception, it learns features which readily transfer to a novel, but related task.

Figure [5.7]shows that SplitNet immediately begins to learn effective new policies, outperform-
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ing the other methods almost right away. In Exploration, our method is able to reuse its under-
standing of depth to quickly learn to approach walls, then turn at the last second and head off in a
new direction. For the Flee task, our method identifies long empty hallways and navigates down
those away from the start location. None of the other methods learn robust obstacle-avoidance
behavior or geometric scene understanding. Instead they latch on to simple dataset biases such as
“repeatedly move forward then rotate.” Oracle agents perform at 33.5 and 19.5 respectively, but are
not directly comparable in that they benefit from knowing the environment layout before beginning

the episode.

5.4.5 Analysis of Auxiliary Objectives

Our method was designed as a solution for generalization on a downstream embodied task. How-
ever, SplitNet also learns outputs for the auxiliary visual and motion tasks. While our goal is not
to surpass state-of-the-art performance on these auxiliary tasks it is still useful to verify that the
visual encodings match our expectations. We therefore include several examples which show the
auxiliary outputs in Appendix In our our initial experiments, we found depth and normal
estimation to be the most important auxiliary task as they most directly translate to navigation

understanding (free space, geometry, etc.).
5.5 Conclusion

This chapter introduces SplitNet, a method for decomposing embodied learning tasks to enable fast
and accurate transfer to new environments and new tasks. By disentangling the visual encoding of
the state from the policy for a task, we learn more robust features which can be frozen or adapted
based on the changed domain. Our model matches the performance of end-to-end methods even
with six times less data. We believe SplitNet may prove to be a useful stepping stone in transferring

networks from simulation environments onto robots in the real-world.
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Chapter 6

IQA: VISUAL QUESTION ANSWERING
IN INTERACTIVE ENVIRONMENTS

The prior two chapters used network structures and gradient flows to decompose the learned
models. This chapter as well as the next opt for fully separated hierarchical models as they solve
the combined tasks of object detection, navigation, and planning. This decomposition allows us
to train each sub-task separately, and combine them in the end for better accuracy and generaliz-
ability. Although end-to-end solutions are easier to train, hierarchical systems often result in better

performance because they can specialize in each subtask and solve each task well.
6.1 Introduction

A longstanding goal of the artificial intelligence community has been to create agents that can
perform manual tasks in the real world and can communicate with humans via natural language.
For instance, a household robot might be posed the following questions: Do we need to buy more
milk? which would require it to navigate to the kitchen, open the fridge and check to see if there is
sufficient milk in the milk jug, or How many boxes of cookies do we have? which would require
the agent to navigate to the cabinets, open several of them and count the number of cookie boxes.
Towards this goal, Visual Question Answering (VQA), the problem of answering questions about
visual content, has received significant attention from the computer vision and natural language
processing communities. While there has been a lot of progress on VQA, research by and large fo-
cuses on answering questions passively about visual content, i.e. without the ability to interact with
the environment generating the content. An agent that is only able to answer questions passively is
limited in its capacity to aid humans in their tasks.

We introduce Interactive Question Answering (IQA), the task of answering questions that
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Question and answer Initial Image Scene View

A\ R

Q: Is there bread in
the room?
A: No

Q: How many mugs
are in the room?
A: 3

Q: Is there a tomato
in the fridge?
A: Yes

Figure 6.1: Samples from IQUAD V1. Each row shows a question paired with the agent’s initial
view and a scene view of the environment (which is not provided to the agent). In the scene
view, the agent is shown in black, and the locations of the objects of interest for each question are

outlined. Note that none of the questions can be answered accurately given only the initial image.

require the agent to interact with a dynamic environment. IQA poses several key challenges in
addition to the ones posed by VQA. First, the agent must be able to navigate through the envi-
ronment. Second, it must acquire an understanding of its environment including objects, actions,
and affordances. Third, the agent must be able to interact with objects in the environment (such
as opening the microwave, picking up books, etc.). Fourth, the agent must be able to plan and
execute a series of actions in the environment conditioned on the questions asked of it.

To address these challenges, we propose HIMN (Hierarchical Interactive Memory Network).
Figure[6.2] provides an overview of HIMN. Akin to past works on hierarchical reinforcement learn-

ing, HIMN is factorized into a hierarchy of controllers, allowing the system to operate, learn, and
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reason across multiple time scales while simultaneously reducing the complexity of each individual
subtask. A high level controller, referred to as the Planner chooses the task to be performed (for ex-
ample, navigation / manipulation / answering / etc.) and generates a command for the chosen task.
Tasks specified by the Planner are executed by a set of low level controllers (Navigator, Manipula-
tor, Detector, Scanner and Answerer) which return control to the Planner when a task termination
state is reached. Since these subtasks are fairly independent, we can pretrain each controller in-
dependently, while assuming oracle versions of the remaining controllers. Our experiments show
that this factorization enables higher accuracy and generalization to unseen environments.

Several question types require the agent to remember where it has been and what it has seen.
For example, How many pillows are in this house? requires an agent to navigate around the rooms,
open closets and keep track of the number of pillows it encounters. For sufficiently complex
spaces, the agent needs to hold this information in memory for a long time. This motivates the
need for an explicit external memory representation that is filled by the agent as it interacts with
its environment. This memory must be both spatial and semantic so it can represent what is where.
We propose a new recurrent layer formulation: Egocentric Spatial GRU (esGRU) to represent this
memory (Sec[6.4.1).

Training and evaluating interactive agents in the real world is currently prohibitive from the
standpoint of operating costs, scale and research reproducibility. A far more viable alternative is
to train and evaluate such agents in realistic simulated environments. Towards this end, we present
the Interactive Question Answering Dataset (IQUAD V1) built upon AI2-THOR [120], a photo-
realistic customizable simulation environment for indoor scenes integrated with the Unity [1]]
physics engine. IQUAD V1 consists of over 75,000 multiple choice questions, each question ac-
companied by a unique scene configuration.

We evaluate HIMN on IQUAD V1 using a question answering accuracy metric and show that
it outperforms a baseline based on a common architecture for reinforcement learning used in past
work. We evaluate in both familiar and unfamiliar environments to show that our semantic model
generalizes well across scenes.

In summary, our contributions include: (a) proposing Interactive Question Answering, the task
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of answering questions that require the agent to interact with a dynamic environment, (b) presenting
the Hierarchical Interactive Memory Network, a question answering model factorized into a high
level Planner, a set of low level controllers and a rich semantic spatial memory, (c) the Egocentric
Spatial GRU, a new recurrent layer to represent this memory and (d) a new dataset IQUAD V1
towards the task of IQA]

6.2 Related Work

6.2.1 Visual Question Answering (VQA)

VQA has seen significant progress over the past few years, owing to the design of deep architec-
tures suited for this task and the creation of large VQA datasets to train these models [233]]. These
include datasets of natural images [5, 122,144} 225]], synthetic images [5, /13,102,106, |110], nat-
ural videos [101}, 211]], synthetic videos [[115, 161] and multimodal contexts [111]. Some of these
use questions written by humans [5, 110, |111} 122]] and others use questions that are generated au-
tomatically [13}/102,|106]. IQUAD V1 is set in a photo-realistic simulation environment and uses
automatically generated questions. In contrast to the aforementioned datasets that only require the
agent to observe the content passively, IQUAD V1 requires the agent to interact with a dynamic
environment.

The first deep architectures designed for VQA involved using an RNN to encode the question,
using a CNN to encode the image and combining them using fully connected layers to yield the
answer [5, 1145].

More recently, modular networks [[13}, |95, |103] that construct an explicit representation of the
reasoning process by exploiting the compositional nature of language have been proposed. Similar
architectures have also been applied to the video domain with extensions such as spatiotemporal
attention [101} [161]]. Our proposed approach to question answering allows the agent to interact

with its environment and is thus fundamentally different to past QA approaches. However, we note

ICode and IQUAD V1 are available at
https://github.com/danielgordonl0/thor-iga—-cvpr-2018
Video available at https://youtu.be/pXd3C-13jr98


https://github.com/danielgordon10/thor-iqa-cvpr-2018
https://youtu.be/pXd3C-1jr98
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that approaches such as visual attention and modularity can easily be combined with our model to

provide further improvements.

6.2.2 Hierarchical Reinforcement Learning (HRL)

RL algorithms have been employed in a wide range of problems including locomotion [118]], ob-
stacle detection [[151] and autonomous flight [[119, 184]]. Of particular relevance to our approach
is the area of hierarchical reinforcement learning (HRL), which consists of a high level controller
and one or more low level controllers. The high-level controller selects a subtask to be executed
and invokes one of the low level controllers. The advantage of HRL is that it allows the model
to operate at multiple levels of temporal abstraction. Early works proposing HRL algorithms in-
clude [48, 169, 207|]. More recent approaches include [127] who propose hierarchical-DQN with
an intrinsically motivated RL algorithm, [212] who use HRL to create a lifelong learning system
that has the ability to reuse and transfer knowledge from one task to another, and [165] who use
HRL to enable zero shot task generalization by learning subtask embeddings that capture corre-
spondences between similar subtasks. Our use of HRL primarily lets us learn at multiple time
scales and its integration with the semantic memory lets us divide the complex task of IQA into
more concrete tasks of navigation, detection, planning etc. that are easier to train.

RL techniques have also recently been applied to QA tasks, most notably by [[103] to train a pro-
gram generator that constructs an explicit representation of the reasoning process to be performed

and an execution engine that executes the program to predict the answer.

6.2.3 Visual Navigation

The majority of visual navigation techniques fall into three categories: offline map-based, online
map-based, and map-less approaches. Offline map-based techniques [20, 21} 113} |167] require
the complete map of the environment to make any decisions about their actions, which limits
their use in unseen environments. Online map-based methods [41}, 55, (162, |197, 216, 231] often

construct the map while exploring the environment. The majority of these approaches use the
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computed map for navigation only, whereas our model constructs a rich semantic map which is
used for navigation as well as planning and question answering. Map-less approaches [76, |100}
138, [186|, 249]] which use techniques such as obstacle avoidance and feature matching, depend
upon implicit representations of the world to perform navigation, and lack long-term memory
capabilities. Recently Gupta et al. [[74] proposed a joint architecture for a mapper that produces
a spatial memory and a planner that can plan paths. The similarities between our works lie in the
usage of a hierarchical system and a spatial memory. In contrast to their work, navigation is not
the end goal of our system, but a subtask towards question answering, and our action space is more

diverse as it includes interaction and question answering.

6.2.4 Visual Planning

To answer questions such as Do I need to buy milk? an agent needs to plan a sequence of actions
to explore and interact with the environment. A large body of research on planning algorithms [49,
58,105, 202, |203]] use high-level formal languages. These techniques are designed to handle low-
dimensional state spaces but do not scale well to high-dimensional state spaces such as natural
images.

Other relevant work includes visual navigation [249] and visual semantic planning (Chapter [
which both use the AI2-THOR environment [[120]. The former tackles navigation, and the latter
focuses on high level planning and assumes an ideal low level task executor; in contrast, our model
trains low level and high level controllers jointly. Also, both these approaches do not generalize
well to unseen scenes, whereas our experiments show that we do not overfit to previously encoun-
tered environments. Finally, these methods lack any sort of explicit map, whereas we construct a
semantic map which helps us navigate and answer questions.

Recently Chaplot et al. [27] and Hill et al. [87] have proposed models to complete navigation
tasks specified via language (e.g. Go to the red keycard) and trained their systems in simulated 3D
environments. These models show the ability to generalize to unseen instructions of seen concepts.
In contrast, we tackle several question types that require a variety of navigation behaviours and

interaction, and the environment we use is significantly more photo-realistic. In our experiments,
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we compare our proposed HIMN model to a baseline system (A3C in Section[6.5) that very closely

resembles the model architectures proposed in [27] and [[87].

6.2.5 Visual Learning by Simulation

There has been an increased use of simulated environments and game platforms to train com-
puter vision systems to perform tasks such as learning the dynamics of the world [[158, 159, 232],
semantic segmentation [/8]], pedestrian detection [148]], pose estimation [[168] and urban driv-
ing 7,29, 177, 179]. Several of these are also interactive making them suitable to learn control,
including [16, 112,120, (131, 236]. We choose to use AI2-THOR [120] in our work since it pro-
vides a photo-realistic and interactive environment of real world scenes, making it very suitable to

train IQA systems that might be transferable to the real world.
6.3 Learning Framework

6.3.1 Actionable Environment

Training and evaluating interactive agents in the real world is currently prohibitive from the stand-
point of operating costs, scale, time, and research reproducibility. A far more viable alternative
is to use simulated environments. However, the framework should be visually realistic, allow
interactions with objects, and have a detailed model of the physics of the scene so that agent
movements and object interactions are properly represented. Hence, we adopt the AI2-THOR en-
vironment [[120] for our purposes. AI2-THOR is a photo-realistic simulation environment of 120
rooms in indoor settings, tightly integrated with a physics engine. Each scene consists of a variety
of objects, from furniture such as couches, appliances such as microwaves and smaller objects such
as crockery, cutlery, books, fruit, etc. Many of these objects are actionable such as fridges which
can be opened, cups which can be picked up and put down, and stoves which can be turned on and

off.
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Interactive Question Answering Dataset Statistics

Train Test

Existence 25,600 640
Counting 25,600 640
Spatial Relationships 25,600 640
Rooms 25 5
Total scene configurations (s.c.) 76,800 1,920
Avg # objects per (s.c.) 46 41
Avg # interactable objects (s.c.) 21 16
Vocabulary Size 70 70

Table 6.1: Dataset Statistics. This table shows the statistics of our proposed dataset in a variety of

question types, objects and scene configurations.

6.3.2 Interactive Question Answering Dataset

IQUAD V1 is a question answering dataset built upon AI2-THOR [120]. It consists of over 75,000
multiple choice questions for three different question types (table shows more detailed statis-
tics). Each question is accompanied by a scene identifier and a unique arrangement of movable
objects in the scene. Figure[6.I]shows three such examples. The wide variety of configurations in
IQUAD V1 prevent models from memorizing simple rules like “apples are always in the fridge”
and render this dataset challenging. IQUAD V1 consists of several question types including: Exis-
tence questions (Is there an apple in the kitchen?), Counting questions (How many forks are present
in the scene?), and Spatial Relationship questions (Is there lettuce in the fridge? / Is there a cup
on the counter-top ?). Questions, ground truth answers, and answer choices are generated automat-
ically. Since natural language understanding is not a focus of this dataset, questions are generated
using a set of templates written down a priori. IQUAD V1 is a balanced dataset that prevents mod-
els from obtaining high accuracies by simply exploiting trivial language and scene configuration

biases. Similar to past balanced VQA datasets [[69]], each question is associated with multiple scene
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configurations that result in different answers to the question. We split the 30 kitchen rooms into
25 train and 5 test, and have 1024 unique (question, scene configuration) pairs for each (room,
question type) pair in train, and 128 in test. An episode is finished when the Answerer is invoked.

We evaluate different methods using Top-1 accuracy.

6.3.3 Agent and Objects

The agent in our environments has a single RGB camera mounted at a fixed height. An agent can
perform one of five navigation actions (move ahead 25 cm, rotate 90 degrees left or right, look
up or down 30 degrees). We assume a grid-world floor plan that ensures that the agent always
moves along the edges of a grid and comes to a stop on a node in this grid. The agent can perform
two interaction actions (open and close) to manipulate objects. A wide variety of objects (fridges,
cabinets, drawers, microwaves, etc.) can be interacted with. If there are multiple items in the
current viewpoint which can be opened or closed, the environment chooses the one nearest to
the center of the current image. The success of each action depends on the current state of the
environment as well as the agent’s current location. For instance, the agent cannot open a cabinet
that is more than 1 meter away or is not in view, or is already open, and it cannot walk through a

table or a wall.
6.4 Hierarchical Interactive Memory Networks

We propose the HIMN (Hierarchical Interactive Memory Network) framework, consisting of a
hierarchy of controllers that operate at multiple levels of temporal abstraction and a rich seman-
tic memory that aids in navigation, interaction, and question answering. Figure provides an

overview of HIMN. We now describe each of HIMN’s components in greater detail.

6.4.1 Spatial Memory

Several question types require the agent to keep track of objects that it has seen in the past along

with their locations. For complex scenes with several locations and interactable objects, the agent
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Figure 6.2: An overview of the Hierarchical Interactive Memory Network.

needs to hold this information in memory for a long duration. This motivates the need for an ex-
plicit external memory representation that is filled by the agent on the fly and can be accessed at
any time. To address this, HIMN uses a rich semantic spatial memory that encodes a semantic
representation of each location in the scene. Each location in this memory consists of a feature
vector encoding object detection probabilities, free space probability (a 2D occupancy grid), cov-
erage (has the agent inspected this location before), and navigation intent (has the agent attempted
to visit this location before). We propose a new recurrent layer formulation: Egocentric Spatial
GRU (esGRU) to represent this memory, illustrated in Figure [6.3] The esGRU maintains an ex-

ternal global spatial memory represented as a 3D tensor. At each time step, the esGRU swaps in
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Figure 6.3: An overview of the Egocentric Spatial GRU (esGRU). The esGRU only allows writ-

ing to a local window within the memory, dependent on the agent’s current location and viewpoint.

local egocentric copies of this memory into the hidden state of the GRU, performs computations

using current inputs, and then swaps out the resulting hidden state into the global memory at the

predetermined location. This speeds up computations and prevents corrupting the memory at loca-

tions far away from the agent’s current viewpoint. When navigating and answering questions, the

agent can access the full memory, enabling long-term recall from observations seen hundreds of

states prior. Furthermore, only low level controllers have read-write access to this memory. Since

the Planner only makes high level decisions, without interacting with the world at a lower level, it

only has read access to the memory.



Planner 100

INPUTS: Images + Previous Actions + Question

';.“ , Moved I

: ‘. Question
Ahead
Mo /

B

CNN CNN CNN LSTM
GRU GRU GRU
cell cell cell
—» CNN | [ |
Semantic
Memory | |FC

OUTPUTS: 7Taction Vaction

Figure 6.4: Schematic representation of the Planner.

6.4.2 Planner

The high level Planner invokes low level controllers in order to explore the environment, gather
knowledge needed to answer the given question, and answer the question. We frame this as a
reinforcement learning problem where the agent must issue the fewest possible commands that
result in a correct answer. The agent must learn to explore relevant areas of the scene based on
learned knowledge (e.g. apples are often in the fridge, cabinets are openable, etc.), the current
memory state (e.g. the fridge is to the left), current observations (e.g. the fridge is closed) and
the question. At every timestep, the Planner chooses to either invoke the Navigator providing a
relative location in a 5x5 grid in front of the agent, invoke the Scanner with a direction such as

up or left, invoke the Manipulator with open/close commands on a nearby object, or invoke the
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Answerer for a total of 32 discrete actions. It does this by producing a policy 7 consisting of
probabilities 7; for each action, and a value v for the current state. 7 and v are learned using the
A3C algorithm [156]. Figure [6.4] shows a schematic of the Planner. It consists of a GRU which
accepts at each time step the current viewpoint (encoded by a CNN) and the previous action. The
Planner has read only access to the semantic memory centered around the agent’s current location.
The output of this GRU is combined with the question embedding and an embedding of the nearby
semantic spatial memory to predict 7 and v. The agent receives a fixed reward/penalty based on
answering correctly/incorrectly. It is also provided a constant time penalty to encourage efficient
explorations of the environment and quick answering, as well as a penalty for attempting to perform
invalid actions. The agent is also given intermediate rewards for increasing the “coverage” of the
environment, effectively training the network to maximize the amount of the room it has explored
as quickly as possible. Finally, at each time step, the Planner also predicts which high level
actions are viable given the current world state. In many locations in the scenes, certain navigation
destinations are unreachable or there are no objects to interact with. Predicting possible actions at
each timestep allows gradients to propagate through all actions rather than just the chosen action.

This leads to higher accuracies and faster convergence (see section [0.5.2] for more details).

6.4.3 Low level controllers

Navigator: The Navigator is invoked by the Planner which also provides it with the relative
coordinates of the target location. Given a destination specified by the Planner and the current
estimate of the room’s occupancy grid, the Navigator runs A* search to find the shortest path to
the goal. As the Navigator moves through the environment, it uses the esGRU to produce a local
(5x5) occupancy grid given the current visual observation. This updates the global occupancy
estimate, and prompts a new shortest-path computation. This is a fully supervised problem and can
be trained with the standard sigmoid-cross-entropy. The Navigator also invokes the Scanner to
obtain a wide angle view of the environment. Given that the requested destination may be outside
the bounds of the room or otherwise impossible (e.g. at a wall or other obstacle), the Navigator’s

network also predicts a termination signal, and returns control to the Planner when the prediction
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passes a certain threshold.

Scanner: The Scanner is a simple controller which captures images by rotating the camera up,
down, left, or right while maintaining the agent’s current location. The Scanner calls the Detector

on every new image.

Detector: Object detection is a critical component of HIMN given that all questions in IQUAD
V1 involve one or more objects in the room. We use YOLOv3 [[176] fine-tuned on the AI2-THOR
training scenes as an object detector. We estimate the depth of an object using the FRCN depth
estimation network [[129] and project the probabilities of the detected objects onto the ground plane.
Both of these networks operate at real-time speeds, which is necessary since they are invoked on
every new image. The detection probabilities are incorporated into the spatial memory using a
moving average update rule. We also perform experiments where we substitute the trained detector
and depth estimator with oracle detections. Detections provided by the environment still requires
the network to learn affordances. For instance, the network must learn that microwaves can be

opened, apples can be in fridges, etc.

Manipulator: The Manipulator is invoked by the Planner to manipulate the current state of an
object. For example, opening and closing the microwave. This leads to a change in the visual

appearance of the scene. If the object is too far away or out of view, the action will fail.

Answerer: The Answerer is invoked by the Planner to answer the question. It uses the current
image, the full spatial memory, and the question embedding vector to predict answer probabilities
a; for each possible answer to the question. The question vector is tiled to create a tensor with the
same width and height as the spatial memory. These are depthwise concatenated with the spatial
memory and passed through 4 convolution and max pool layers followed by a sum over the spatial
layers. This output vector is fed through two fully connected layers and a softmax over all possible

answers. After the Answerer is invoked, the episode ends, whether the answer was correct or not.
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6.4.4 Training

The full system is trained jointly. However, since the individual tasks of the controllers are mostly
independent, we are able to pretrain them separately. Our initial analysis showed that this leads
to faster convergence and better accuracy than training end-to-end from scratch. We outline our
training procedures below.

Planner: To pretrain the Planner, we assume a perfect Navigator and Detector by using the ground
truth shortest path for the Navigator and the ground truth object information for the Detector.
Navigator: We pretrain the Navigator by using pairs of random starting points and goal locations.
Answerer: The Answerer is pretrained by using ground-truth partial semantic maps which contain
enough information to answer the current question correctly.

Detector: The Detector is pretrained by fine-tuning YOLOvV3 [176] on the AI2-THOR training
scenes. It is trained to identify small object instances which may repeat in multiple scenes (apples,
forks, etc.) as well as large object instances which are unique to each scene (e.g. each fridge model
will only exist in one scene).

Scanner and Manipulator: There are no trainable parameters for these controllers in our current
setup. Their behavior is predefined by the AI2-THOR environment.

Joint Training After all trainable controllers are pretrained, we update the model end-to-end.
6.5 Experiments

We evaluate HIMN on the IQUAD V1 dataset, using Top-1 question answering accuracy. An
initial baseline of Most likely answer per Question-Type (MLA) shows that the dataset is exactly
balanced. Additionally, because we construct the data such that each generated question has a scene
configuration for each answer possibility, there is no possible language bias in the dataset. The
learned baseline that we compare to (A3C), is based on a common architecture for reinforcement
learning used in past works including for visual semantic planning (Chapter {)) and task oriented
language grounding [27,87]. We extend this for the purpose of question answering. Since HIMN

has access to object detections provided by either the environment or YOLO [176], we also provide
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Existence Counting Spatial Relationships
Model Accuracy Length Accuracy Length Accuracy Length
Most Likely Answer Per Q-type (MLA) 50 - 25 - 50 -
A3C with ground truth (GT) detections 48.59 332.41 24.53 998.32 49.84 578.71
HIMN with YOLO [176] detections 68.47  318.33 30.43  926.11 58.67 516.23
Human (small sample) 90 58.40 80 81.90 90 43.00

Table 6.2: Method Performance. This tables compares the test accuracy and episode lengths of

question answering across different models and question types.

detections to the baseline. For the baseline model, at each time-step, the raw RGB image observed
by the agent is concatenated depth wise with object detections (one channel per object class).
This tensor is passed through convolutional layers and fed into a GRU. The question is passed
through an LSTM. The output of the LSTM and GRU are concatenated, and passed through two
fully connected layers to produce probabilities 7; for each action and a value v. The output of the
first fully connected layer is also passed to an answering module that consists of two more fully
connected layers with a softmax on the space of all possible answers. The model is trained using
the A3C algorithm for action probabilities and a supervised loss on the answers. We also provide
a human baseline of random questions on each question type.

Table [6.2] shows the test accuracies and the average episode lengths for the proposed HIMN
model and baselines for each question type. HIMN significantly outperforms the baselines on all
question types, both with YOLO object detections as well as ground truth object detections. Sur-
prisingly, the A3C baseline performs slightly worse than random chance even with ground truth
detections. We conjecture that this is because there is no explicit signal for when to answer, and no
persistence of object detections. The A3C model is not able to associate object detections with the
question, and thus has no reason to remember detections for long periods of time. Because HIMN
does not overwrite its entire spatial memory at each timestep, object detections persist for much

longer, and the Answerer can better learn the associations between the questions and the objects.
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Existence Counting Spatial Relationships
Model Accuracy Length Accuracy Length Accuracy Length
HIMN with YOLO [176] detections 68.47 318.33 30.43 926.11 58.67 516.23
HIMN with GT detection 86.56  679.70  35.31 604.79  70.94 311.03
HIMN with GT detection and oracle navigator (HIMN-GT) 88.60 618.63 48.44 871.12 72.50 475.55
HIMN-GT Question not given to planner 50.00 150.60 24.50 293.33 50.25 118.09
HIMN-GT No loss on invalid actions 49.84 659.28 24.84 911.46 50.00 613.50

Table 6.3: Ablation experiments on the HIMN model.

HIMN further benefits from a spatial memory in counting and spatial relationship questions be-
cause these require much more spatial reasoning than existence questions. Additionally, because
A3C does not learn to answer questions, it also does not learn to efficiently explore the environ-
ments, as most of the reward comes from answering questions correctly. HIMN, on the other hand,
traverses much more of the environment, only answering when it is confident that it has sufficiently
explored the room. This indicates that HIMN (which uses an explicit semantic spatial memory with
egocentric updates) is more effective than A3C (which uses a standard fully-connected GRU) at (a)
Estimating when the environment has been sufficiently explored, given the question (b) Keeping
track of past observations for much longer durations, which is important in determining answers
for questions that require a thorough search of the environment, and (c) Keeping track of multiple
object instances in the scene, which may be observed several time steps apart (which is crucial for

answering counting questions).

6.5.1 Ablation Analysis

We perform four ablative experiments on our network structure and inputs, shown in table [6.3]
First, we use the ground truth object detections and depth instead of YOLO [176]] and FRCN
depth [[129]]. This adds a dramatic improvement to our model owing primarily to the fact that with-
out detection mistakes, the Answerer can be more accurate and confident. Secondly, we substitute

our learned navigation controller with an oracle Navigator that takes the shortest path in the en-
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Percentage of invalid actions

Model Existence Counting Spatial Relationships
A3C with GT detections 32.75 34.55 32.63
HIMN No loss on invalid actions 56.27 53.43 51.93
HIMN with YOLO [|176] detections 6.07 5.95 6.68
HIMN with GT detections 6.49 5.71 5.66
HIMN-GT 1.79 2.02 1.27
Human 5.99 6.47 3.49

Table 6.4: Percentage of invalid actions across different models. Lower is better.

vironment. When the optimal Navigator is provided, HIMN further improves. This is because
the Planner can more accurately direct the agent through the environment, allowing it to be more
efficient and more thorough at exploring the environment. It also takes fewer invalid actions (as
seen in table [6.4), indicating that it is less likely to get stuck in parts of the room. In our third
ablative experiment, we remove the question vector from the input of the Planner, only providing
it to the Answerer, which results in random performance. This shows that the Planner utilizes the
question to direct the agent towards different parts of the room to gather information required to
answer the question. For instance any question about an object in the fridge requires the planner
to know the fridge needs to be opened. If the planner is not told the question, it has no reason
to open the fridge, and instead will likely choose to continue exploring the room as exploration
often gives more reward than opening an object. Also, some questions can be answered soon after
an object is observed (e.g.Existence), whereas others require longer explorations (e.g.Counting).
Having access to the questions can clearly help the Planner in these scenarios. Tables [6.3] shows
that HIMN does in fact explore the environment for longer durations for Counting questions than
for Existence and Spatial Relationship questions. In our final ablation experiment, we remove the
loss on invalid actions. If we do not apply any loss on these actions and only propagate gradients
through the chosen action, the agent suffers from the difficulty of exploring a large action space

and again performs at random chance.
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Existence Counting Spatial Relationships
Model Seen Unseen Seen Unseen Seen Unseen
HIMN with YOLO [[176] detections 73.68 68.47 3626 3043 60.71 58.67
HIMN with GT detections 94.00 86.56 4238 3531 73.38 70.94

Table 6.5: Accuracy of question answering across different models on Seen and Unseen envi-

ronments.

6.5.2 Invalid Actions

Table [6.4] shows the percentage of invalid actions taken by the different methods. Failed actions
are due to navigation failures (failing to see an obstacle) or interaction failures (trying to interact
with something too far away or otherwise impossible). There is a clear benefit to including a loss
on the invalid actions both in terms of QA accuracy, as can be seen in table @ as well as in
terms of percentage of invalid actions performed, shown in table [6.4] All models in table [0.4] are
penalized for every invalid action they attempt, but this only provides feedback on a single action
at every timestep. With the addition of a supervised loss on all possible actions, the percentage
of invalid actions performed is nearly an order of magnitude lower. By directly training our agent
to recognize affordances (valid actions), we are able to mitigate the difficulties posed by a large
action space, allowing the Planner to learn much more quickly. The validity loss also serves
as an auxiliary task which has been shown to aid the convergence of RL algorithms [99]. By
replacing the learned Navigator with an oracle, we observe that the majority of failed actions are
due to navigation failures. We believe that with a smaller step size, we would further reduce the

navigation errors at the expense of longer trajectories.

6.5.3 Generalization in Unseen Environments

One benefit of HIMN over other RL architectures is that encoding semantic information into a
spatial map should generalize well in both seen and unseen environments. Thus, in table [6.5]
we compare HIMN’s performance on seen and unseen environments. Unseen environments tests

the agent with questions that occur in 5 never-before-seen rooms, whereas the seen environments
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Question: Is there bread in the room?
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Figure 6.5: Sample Trajectory. This shows the trajectory for answering the existence question:
Is there bread in the room? The purple sections indicate a Planner step, and the gray sections
indicate a lower level controller such as the Navigator is controlling the agent. For a more detailed

explanation, refer to section@

use the 25 training rooms but never-before-seen object placements and corresponding questions.
Despite our relatively small number of training rooms, table [6.5]shows that our method only loses
up to a few percentage points of accuracy when tested on unseen environments. This contrasts with
many other end-to-end RL methods which learn deep features that tend to limit their applicability
outside a known domain [249]. Note that all experiments in previous sections were only performed

on unseen environments.

6.5.4 Qualitative Results

Figure [6.3] shows a sample run of HIMN for the question “Is there bread in the room.” Initially,
P(True) and P(False) both start near 50%. The Planner begins searching the room by navigating
around the kitchen table. During the initial exploration phase, bread is not detected, and P(False)

slowly increases. At timestep 39, the Navigator invokes the Detector, which sees the bread and
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incorporates it into the semantic spatial map. However, the Navigator does not return control to
the Planner, as it has not yet reached the desired destination. Upon returning at timestep 45, the
Planner reads the spatial map, sees the bread, and immediately decides it can answer the question.
Thus 7yswer and P(True) both increase to nearly 100%. For more examples, please see our video

athttps://voutu.be/pXd3C-1jr98.

6.5.5 Limitations

Although HIMN performs quite well, it still has several obvious limitations. As can be seen in
the human experiments in table [6.2] HIMN is still fairly inefficient at exploring the environment.
In the following chapter, we will investigate more traditional planning algorithms to reduce the
time spent on exploration. Secondly, our templated language model is quite simple, and would not
extend to arbitrary questions. In follow-up work, Shridhar et al. [194] extend this framework to

incorporate natural language provided by humans for complex task planning
6.6 Conclusion

In this chapter, we pose a new problem of Interactive Question Answering for several question
types in interactive environments. We propose the Hierarchical Interactive Memory Network, con-
sisting of a factorized set of controllers, allowing the system to learn from long trajectories. We
also introduce the Egocentric Spatial GRU for updating spatial memory maps. The effectiveness
of our proposed model is demonstrated on a new benchmark dataset built upon a high-quality sim-
ulation environment for this task. This dataset still presents several challenges to our model and

baselines and warrants future research.

2The author of this thesis is a co-author on [[194]]


https://youtu.be/pXd3C-1jr98
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Chapter 7

WHAT SHOULD I DO NOW? SYMBOLIC PLANNING AND
REINFORCEMENT LEARNING IN THE VISUAL WORLD

In the previous chapter we outlined a method for solving interactive question answering (IQA)
tasks hierarchically. In this chapter, we augment this hierarchy with a symbolic planner to more
directly and effectively solve some of the long-term planning constraints present in IQA. Addition-
ally, this enables us to solve more complex semantic tasks that were initially proposed in Chapter ]
across multiple environments (with the same weights) and including the navigation component

which was omitted in Chapter 4]
7.1 Introduction

An important goal in developing systems with visual understanding is to create agents that interact
intelligently with the visual world. Teaching these agents about the world requires several steps.
An agent must initially learn simple behaviors such as navigation and object affordances. Then,
it should combine several learned skills together to accomplish longer term goals. As the task
complexity increases, the agent must plan farther in the future. Yet when training end-to-end neural
networks, agents must discover these skills without any explicit supervision. In practice, this often
results in the agents making obvious mistakes and learning potentially suboptimal policies. With
even a small amount of planning, many of these mistakes can be easily avoided. This contrast is
illustrated by Figure

Recently, researchers have predominantly trained interactive agents using deep learning tech-
niques on raw visual data. Neural Networks learn to extract meaningful features from large sources
of raw data. Yet as task complexity increases, and long-term planning is required, these systems

often have difficulty learning reliable policies. Conversely, many robotics systems still favor plan-
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Actions: Action: Navigate Action: Navigate
Open Drawer 1

Close Drawer 1

Open Drawer 2...

Actions: Action: End. Action: Navigate Action: End.
Pickup Bowl Success Fail

Close Drawer

Open Microwave

Put Bowl

Figure 7.1: Sample Visual Semantic Planning task execution for ‘“Put a bowl in the mi-
crowave.” The Pure RL system wanders around the room, does not open any drawers, and ends the
episode after many steps, failing the task. In contrast, HIP-RL methodically accomplishes the task.
At hierarchical step ¢ = 0, HIP-RL explores the room. Att¢ = 1, the Meta-Controller invokes the
Planner which creates a plan to check all the drawers. The Object Detector also sees the microwave
and saves its location. Att¢ = 2 a bowl is found, and the Planner updates its plan. At¢ = 3 the

agent puts the bowl in the microwave.

ning and search techniques such as RRT* [[108]. When sensor data is clean, planning algorithms
offer better generalization and may provide optimality guarantees which are beneficial for ensur-
ing safety in dangerous environments. Yet most planning algorithms operate on (nearly) perfect
high-level states rather than raw sensor input. This is especially true for task planning algorithms
which use binary values as state representations (e.g. the apple is in the fridge). As such, deep
learning and task planning have complementary benefits and drawbacks: deep learning can extract

information from raw (pixel) data but has difficulty in long-term planning, and task planning re-
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quires preprocessed data but can use the high-level information to construct long-horizon plans.
To benefit from both, we propose Hierarchical Planning and Reinforcement Learning (HIP-RL), a
method for merging these techniques. Others have come to similar conclusions [71},[240] in simple
RL setups. We build on these ideas, extending the concept to complex visual domains.

HIP-RL has several advantages over both planning and Deep RL techniques.

1. By using a symbolic planner, HIP-RL avoids obviously incorrect or inefficient actions, in-

creasing the accuracy and speed over comparable pure RL systems.

2. By using CNNs, HIP-RL learns from raw pixels which may otherwise hinder a symbolic

planner.

3. HIP-RL trains using an order of magnitude fewer training episodes than comparable Deep

RL algorithms.

4. HIP-RL can smoothly trade off hand-defined rules for execution time without sacrificing

accuracy.

One potential drawback of a planning-based approach is the need for external knowledge to
be hand-coded into the system. However, adding this supervision can be less expensive than data-
driven approaches and can generalize across datasets and across tasks. Yet if desired, HIP-RL
can trade predefined rules for increased execution time if, for example, certain knowledge is more
probabilistic in nature.

To demonstrate the efficacy of our algorithm, we apply HIP-RL to a variety of tasks. First, we
apply HIP-RL to the task of Interactive Question Answering (IQA), an extension of Visual Ques-
tion Answering where an agent navigates in and interacts with an unknown environment in order
to answer questions. We apply HIP-RL to IQUAD V1 (Chapter [6) and EQA V1 [38] and achieve
state-of-the-art results on both datasets. We additionally show that HIP-RL is able to perform

complex Visual Semantic Planning (VSP) tasks such as Put a bowl in the microwave
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including navigation which was omitted in Chapter 4}, outperforming learning-only and planning-
only baselines. In summary, we find that using symbolic planning and visual learning together

results in higher accuracy, more efficient exploration, and faster training than other methods
7.2 Related Work

Much of the related work from Chapter [6] is still relevant here, specifically Hierarchical Rein-

forcement Learning (6.2.2)), Visual Planning (6.2.4), and Deep RL in Virtual Visual Environments

©.2.5).

7.2.1 Planning and Learning

Although both learning and planning have significant amounts of prior work, there have been
relatively few attempts at merging the two — especially for complex visual problems. Yet when
planning and learning are combined, the results are often greater than either method alone. [71]]
proposes using a symbolic planner to examine future world states and inform a sparse reward func-
tion. Their PLANQ system outperforms a standard Q-learner, but their work only explores simple
grid-world problems. [240] outlines PEORL, a method for using a symbolic planner to discover
subtasks or “options” for a hierarchical RL learner to execute. They outperform other HRL agents
which do not use a planner as well as flat RL agents, but again only focus on fully-observable grid-
world problems. AlphaZero combines Deep RL for board state evaluation and Monte Carlo Tree
Search for planning and finding high-value future board positions [[196]. However these techniques
are not feasible in a partially observed visually dynamic environment. Planning in stochastic en-
vironments is often solved using Partially Observable Markov Decision Processes. Although they
are frequently used to great success [9, 24], POMDPs assume a known noise and transition model,
which is not applicable to deep feature extraction. To overcome these limitations, we use the
Metric-FF Planner [93]] to plan high-level trajectories and deep networks to solve the low-level

visually complex tasks.

1Video available athttps://youtu.be/0TtWJ_OmPfI


https://youtu.be/0TtWJ_0mPfI
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Figure 7.2: Overview of the network architecture for the Meta-Controller and question-
answerer used for IQA. For VSP the question is replaced with the task and the answer branch is

omitted, but all else is unchanged.

7.3 Hierarchical Planning and Reinforcement Learning (HIP-RL)

In order to accomplish complex tasks, a system must be able to plan long action trajectories. To
operate in a visual world, a system must learn to understand a dynamic visual environment. Thus,
to learn to plan in a visual environment, we combine Deep RL with Symbolic Planning. HIP-RL
consists of a hierarchical Meta-Controller, several sub-controllers, and a shared memory. In this
section we outline the individual components of HIP-RL as well as how they work together to

solve complex learning and planning tasks.

7.3.1 HIP-RL Algorithm

The HIP-RL algorithm flow is described in Algorithm [2] with an example execution is shown in
Figure In this example, the Meta-Controller ) selects the sub-controller C,p0re Which nav-
igates to a new location (the inner loop). Then the Meta-Controller calls Cy,,, which makes and
executes a plan to put the bowl in the microwave. Finally, the Meta-Controller calls Cy,, to end

the episode. We now describe each component of HIP-RL in more detail.
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Algorithm 2 HIP-RL Procedure

Require: Environment E, Task task, Meta-Controller M, Sub-Controllers Cstop, Cpians Cscans Ceaplores

Perception system V'
stop < False
mem < ()
while not stop do
C;, subtask; <— M (task, mem)
if C; = Cs1op then
stop < True
else
action < C;(subtask;, mem)
while action # done do
observation <+ E(action)
mem < mem U V (observation)

action + C;(subtask;, mem)

7.3.2  Memory Component

Crucial to our method is a memory component accessible to the Meta-Controller as well as the
sub-controllers. The memory contains all perceptual and interactive information such as navigable
locations, object positions, and which areas have been visited. The learning-based controllers read
the memory as a series of top-down spatial maps. For the symbolic planner, the spatial map is
discretized and thresholded to construct logical and numeric statements such as “an apple is in
position (3,4)” or “the fridge is open.” In this chapter we make the simplifying assumption of
perfect localization, however we do not assume any prior knowledge of the environment’s map.
The memory is filled by a free-space mapper (see section and an object detector (see section
run on the visual observations at every timestep.

7.3.3 Hierarchical Meta-Controller

Given a high-level task, the Meta-Controller encodes the task, reads the memory, and decides
which of the sub-controllers to invoke. The Meta-Controller learns to trade off between the length

of an episode and the confidence of ending an episode. We train this behavior using the A3C rein-



116

forcement learning algorithm [[156] where the “action space” is the choice of which sub-controller
to call. The Meta-Controller is trained using a sparse reward for answering a question correctly,
a large penalty for answering incorrectly, and a small constant time penalty for each hierarchical
step. This prevents the agent from falling into the local minimum of failing early to avoid the
time penalty as failure has an even larger penalty. At both training and test time we sample the
sub-controller from the output distribution of the Meta-Controller.

We visualize the Meta-Controller’s architecture in the context of Interactive Question Answer-
ing in Figure The network takes as input the detected object map, the question, and the current
image. The question embedding is concatenated with the spatial map and visual features to con-
dition the features on the question. Both the detection map features and the image features are
transformed into a single vector by summing over the spatial dimension. The image features addi-
tionally use a GRU [33]] to add temporal context. The map and image features are concatenated and
fed into a fully-connected layer. The network outputs a probability distribution over the actions,
a value estimate for the state, and a distribution over the answers for the question. For VSP, the
“Question” input is replaced with a task like Put a bowl in the microwave, and there is

no answer branch in the output, but all else remains the same.

7.3.4 Planner

Given a subtask, the Planner creates and executes a sequence of actions to accomplish a specific
goal. The Planner uses a Planning Domain Definition Language (PDDL) [[149] solver which re-
turns a set of actions or that the goal is impossible based on the current observations. PDDL
specifies states using boolean and numeric “fluents” (an apple is in the fridge, location A and B
are 10 steps apart). Actions consist of preconditions necessary for the action to be possible, and
effects which modify the values of the fluents caused by executing that action. For example, the
Open action takes the preconditions that an object must be openable but closed and that the agent
must be near the object, and has the effect of setting the object’s closed property to False. For
IQA, the Planner’s actions are “Navigate to a position,” “Open an object,” and “Close an object.”

VSP additionally adds “Pick up an object” and “Put down an object.” Goals specify a set of cri-
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teria necessary for completing some task. Given a small set of actions such as opening/closing
and picking up/putting down objects, the agent is able to accomplish many diverse tasks. Even
complex tasks which take hundreds of individual actions or have multiple constraints like Put
all the mugs into the sink or Take the apple from the table and put
it in the fridge canbe encoded. When using the PDDL Solver’s output, the Planner takes
the next action, updates the memory given the new observation, and replans in an open-loop fash-
ion. This allows the Planner to recover from incorrect initial detections or false negatives which
may be corrected over time.

An example Planner sequence for the question Is there a bowl in a drawer? isas
follows. The Meta-Controller invokes the Planner with the goal A11 drawers have been
checked or a bowl is in a drawer. The memory contains three drawers and the mi-
crowave. The Planner outputs a plan to check each drawer. The first drawer is empty, so the
plan continues. In the second drawer, the bowl is found, and the Planner returns control to the
Meta-Controller.

Grouping the multi-step output from the Planner into a single decision made by the Meta-
Controller gives HIP-RL several advantages over pure RL solutions. Primarily, this significantly
reduces the number of decisions made by the model in a single episode, simplifying credit assign-
ment resulting in more stable and faster convergence. Furthermore, because the Planner guarantees
that the goal will be reached (or ruled impossible), HIP-RL can be more thorough and efficient in
its exploration. In the examples above, if the agent had only checked a single drawer and moved
on, it would incorrectly assume the answer was “no.”

In this chapter we use the Metric-FF PDDL solver [93]. Metric-FF uses hill-climbing on re-
laxed plans (plans in which contradictions are ignored) as a heuristic to estimate the distance to
the goal. For numeric values, the relaxation takes the form of ignoring any non-monotonically
increasing effects that an action may have. Finding the absolute shortest solution to PDDL prob-
lems is NP-Complete, but in practice, Metric-FF usually returns nearly optimal plans in around

100 milliseconds. We include a sample PDDL state and action domain in Appendix [F
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Human Knowledge: While the symbolic planner requires certain properties be defined manu-
ally, this is no more expensive than labeling an equivalent training dataset. Each rule (e.g. fridges
can be opened) only needs to be defined once, whereas in a data-driven approach each rule would
require dozens (or more) of examples in order to be learnable. In simulated datasets, this can be
further automated by reading the properties from the simulator itself. By using a symbolic planner
to simplify the learning, we avoid the need for other human intervention like behavioral cloning or
reward shaping. Additionally, hand-coded rules transfer to new environments and new problems
more naturally than end-to-end network weights which often entangle the learned policy with the
environment understanding. In our work, we use the same planner rules for three different prob-
lem setups, only changing the goal definition. This is akin to defining a reward function for a new
RL problem. Finally, we can trade off defining rules with execution time or labeled instances,

essentially relying less on the planning and more on the learning (see section[7.5.5).

7.3.5 Explorer

The Meta-Controller uses the Explorer to gather information about an environment. In this chap-
ter, the Explorer is not learned; instead, it uses the memory’s occupancy map and picks the lo-
cation/orientation which maximizes new views while minimizing the distance from the agent’s

current location. It then invokes the Navigator with this chosen location.

7.3.6 Scanner

The Scanner issues a predefined sequence of commands to the environment to obtain a 360° view
of its surroundings. Specifically, it performs three full rotations at +30°, 0°, and -30° with the
horizon, stopping every 90° to run object detection. It is often useful to call the Scanner after the

Explorer, but we leave this to the Meta-Controller to learn.



119

7.3.7 Navigation

We use the navigator from Section [6.4.3] as it shows reliable performance for going to locations

specified in a relative coordinate frame.

7.3.8 Object Detection

The object detector predicts object masks (using Mask-RCNN [81]]) as well as pixelwise depths
(using FRCN depth [129]). These predictions are projected into a global coordinate frame and
merged with prior detections. We merge detections by joining the bounding cube around two

detections if their 3D intersection is above a certain threshold.

7.3.9 Training Procedure

We train the networks in several stages in order to simplify and stabilize the learning procedure.

1. We train the esGRU navigator to navigate between random points in the environment us-
ing supervised free-space maps. We additionally train the MaskRCNN object detector and

FRCN depth estimator using random views from the training environments.

2. We pretrain the Meta-Controller using ground truth object detection and ignoring navigation

by allowing the agent to teleport to its requested destination.

3. We use the learned navigator, detector, and depth estimator, and optimize the Meta-Controller

end-to-end, allowing it to directly learn to handle the noise of the other components.
7.4 Tasks

We focus on two tasks: Interactive Question Answering (IQA) and Visual Semantic Planning
(VSP). Both tasks require complex visual and spatial reasoning as well as multi-step planning. To
stay consistent with prior work, we use only RGB input. This makes the task of navigation and

mapping significantly harder than if depth were also provided.
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7.4.1 Interactive Question Answering (IQA)

We evaluate our agent on IQUAD V1 (see section [6.3.2] for more details) and EQA V1 [38§].
IQUAD V1 provides 75,600 training questions in 25 training rooms, and 1920 test questions in
5 rooms not available during training time (unseen). EQA V1 consists of 7129 training questions
in 648 train houses and 853 validation questions in 68 unseen houses. [39] shows results with the
agent starting 10, 30, or 50 steps away from the goal, yet only their results for 10 steps outperform
the language baselines of [213]]. As such, we limit our experiments to starting 10 steps away. Both

datasets use templated language.

7.4.2  Visual Semantic Planning (VSP)

We also use the AI2-THOR environment [120] for semantic planning tasks such as Put the
apple in the sink where the agent must first find a specific object somewhere in the scene
and then move it somewhere else. Each task specifies one of 13 small objects (e.g. mug, fork,
potato), and one of 6 target locations (e.g. fridge, cabinet, sink). In contrast with Chapter 4] we
train one network to accomplish all tasks rather than one for each object-location pair. Additionally,
we include navigation as a subtask of planning which Chapter 4] omits. Compared with IQA,
VSP contains only a single task type (find and move a single object) but uses a larger action
space. Although we only test a single task type, we include more complex task examples in the
supplemental video. VSP is not applicable in the EQA environments as the environments do not
contain movable objects. We use the same train/test split of environments as in IQUAD V1, and
construct 25,200 training tasks, 640 test tasks in unseen rooms. During dataset generation, we
verify that each task is possible, yet cannot be completed by the empty plan, e.g. for the task Put
a mug in a cabinet, there exists at least one mug and at least one cabinet, but no mugs

start in cabinets. This data will be made available upon publication.
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IQUAD V1 (Section EQA V1 [38] VSP

Method Accuracy SSPL Accuracy SSPL  Success SPL
Language Only [213] 41.7% 0 48.8% 0 - -
HIMN (Section 52.52% 0.015 - - - -
NMC [39] - - 53.58% - - -
Planner Only 56.91% 0.105 49.53% 0.002 11.41% 0.059
HIP-RL 65.99% 0.086 5841% 0.007 46.01% 0.189
HIMN with GT Detections 64.27% 0.042 - - - -
Planner Only with GT Detections 74.53% 0.251 54.15% 0.025 43.44% 0.245
HIP-RL with GT Detections 81.25% 0.177 65.28% 0.017 73.75% 0.362
HIMN with GT Detections and Teleport 69.85% 0.046 - - - -
Planner Only with GT Detections and Teleport ~ 68.07% 0.091 49.64% 0.004 31.72% 0.268
HIP-RL with GT Detections and Teleport 83.30% 0.325 65.52% 0.033 81.88% 0.549

Table 7.1: Comparison of accuracy and efficiency on unseen environments. In IQUAD V1/VSP
finding true shortest path for the SPL metric is a traveling salesman problem. Instead, a shortest
path estimate for IQUAD V1 and VSP is computed using the Metric-FF planner given the positions
of all large objects (fridges, cabinets, etc.) a priori. For EQA V1 the shortest path is found using

an oracle with preexisting knowledge of the location of the single target object.

7.5 Experiments

We compare HIP-RL across the datasets outlined in Section using existing state-of-the-art
methods as baselines, the unimodal baselines from [213]], and pure planning baselines. All tests
are done in environments the agent has never seen before. On each dataset, we measure the accu-
racy/success of our method as well as the “efficiency” of each method. [11] proposes the Success
weighted by (normalized inverse) Path Length (SPL) which combines accuracy and episode length

into a single metric for evaluating embodied agents.

1 o« 2

where S; is a success indicator for episode 7, p; is the agent’s path length, and ¢; is the ground-

truth shortest path length. Whereas in pure navigation tasks such as those in [11]] the SPL metric
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is directly applicable, it does not extend well to question answering; in navigation tasks, it is
impossible to be successful without moving, however even a guessing QA agent will succeed

sometimes To address this issue, we propose Shifted SPL (SSPL) which is defined as

SSPL = ’f _Z « SPL (7.2)

where (i is the average accuracy of the method and b is the average accuracy of a blind agent (an
agent which only receives the question as input). SSPL directly accounts for dataset construction
biases by subtracting the accuracy of a learned baseline rather than simply the most common
answer or random chance accuracy. We use the “Language Only” baselines presented in [213]]

as b.

7.5.1 Baselines

On all datasets we include (at least) one pure-learning and one pure-planning baseline. The “Plan-
ner Only” baseline uses the same Plan/Act/Observe/Replan loop as HIP-RL but does not include
any hierarchical decision making. If at the start of the episode the plan is empty (for example if the
agent starts looking at a wall), we rotate the agent until the plan is not empty. The “Planner Only”
baseline can be seen as a lower-bound on the number of steps that pure-planning agent could take.
While this baseline is simpler than many existing planning-based robotics approaches [32,/105], no
existing approaches have been applied to IQA or VSP. We feel it would take significant extra work
to include a planning only baseline that was not similar in approach to our work, but recognize
that a more finely-tuned system may outperform our baseline. We also use the “Language Only”
baselines from [213]] which attempt to answer the question without any observations, effectively
learning the language bias of the dataset. For VSP, we introduce a “Learning Only” baseline which
removes the Planner from HIP-RL and adds reward shaping to encourage certain interactions like
looking at and picking up the object of the task. Even after significant training time, this method

fails to learn a working policy.

2Thomason et al. [213] shows large biases exist in EQA V1 [38] and in MatterPort3D [12], but not in IQUAD V1.
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Figure 7.3: Accuracy of various methods on each of the tasks. In all cases, HIP-RL achieves
state-of-the-art performance. We include “Learner Only” and “Planner Only” results for each

experiment to show that combining both their strengths is better than either alone.

7.5.2 Results

We test our system for accuracy on IQUAD V1, EQA V1, and the new VSP dataset, achieving
state-of-the-art performance on all tasks. The results are shown in Figure[7.3] In IQUAD V1 and
VSP the “Planner Only” baseline outperforms the “Learning Only” baseline. Because the ground-
truth trajectories are significantly long and contain many interactions (especially in VSP), pure
RL systems struggle to learn robust policies. A fundamental issue with reinforcement learning
is that it must “luck into” good solutions randomly before it can improve, which can be very
rare in complex multi-step tasks with sparse rewards. Planning simplifies this by directly solving
objectives rather than making guesses and observing rewards. Yet planning suffers from myopia

in that it assumes perfect and complete global information, leading it to ignore unobserved parts of
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Unseen Environment Performance Over Time
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Figure 7.4: Learning speed of HIP-RL and HIMN with and without ground truth informa-
tion. HIMN’s Answerer is pretrained on fully observed rooms whereas HIP-RL does not require

pretraining.

the environment. In practice, it frequently answers too soon (i.e. before it has observed enough to
answer definitively), resulting in trajectories which are shorter than the ground-truth shortest path.
By combining both strategies, HIP-RL achieves the exploration tendencies of RL along with the

goal-oriented direct problem solving of planning.

7.5.3 Episode Efficiency

Table [/.1] also lists SPL/SSPL scores for each method. Note that the episode lengths used to
compute SPL/SSPL include every interaction with the environment (turn left, open, move ahead
each count as one action), not just hierarchical actions. While HIP-RL improves over HIMN,
there is still a large gap between the shortest path estimate. Some inefficiency due to exploration
is unavoidable, but there are also cases where the agent explores even after it could answer. For
example, this often occurs in IQUAD V1 on counting questions where the agent is not sure that it

has sufficiently checked everywhere where the object could be.
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7.5.4 Ablation

We further explore the effect that various sources of inaccuracy have on HIP-RL by substituting the
object detector with Ground Truth (GT) information and navigation with a “teleport” command,
shown in Table Adding GT detections greatly improves our accuracy across the board. Since
the tasks are object-centric, if an object is misidentified or not detected, the Answerer/Planner
will have difficulty making good decisions. Mask-RCNN produces high-quality results on large
datasets, yet in 3D environments, there are frequently only a few object models and textures which
are partitioned between the train and test splits. In this setup, Mask-RCNN struggles to detect
objects in unseen environments. We provide additional evidence of the performance gap between
seen and unseen environments in Appendix [F.5] We believe that in scenarios with more diverse
training examples, HIP-RL with detection would approach similar performance.

In contrast, using “teleport” does not improve accuracy dramatically. Teleport does not tell the
agent where to go, only how to get there; thus good high-level planning still matters for success.
Using teleport does nearly double the efficiency. We observe this is frequently from the beginning
of episodes when the map is empty and the navigator unknowingly goes down dead ends or takes
inefficient paths. Interestingly, using the navigation system instead of GT navigation helps the

“Planner Only” method by giving it more varied locations to run the detector.

7.5.5 Removing Prior Information

In some cases, it may be more desirable to learn environment characteristics than to define prior
information. HIP-RL can smoothly trade off the cost of enumerating logical priors with the evalu-
ation time of the method. Without placement information, HIP-RL degrades gracefully, retaining
the original accuracy while, understandably, executing longer trajectories. Table shows the
specific case of removing the prior knowledge of where objects can be located for IQUAD V1.
The accuracies of HIP-RL with and without this information are very similar indicating that this
extra information helps HIP-RL be faster, but is not required for accuracy. One could also build a

more complex learning system at the expense of more labeled data.
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IQUAD V1
Method Uses Object Location Rules Accuracy Episode Length
HIP-RL v 65.99% 357.690
HIP-RL 65.57% 476.680
HIP-RL + GT Nav v 65.68% 180.702
HIP-RL + GT Nav 67.14% 284.447
HIP-RL + GT Det v 81.25% 297.238
HIP-RL + GT Det 80.16% 522.603
HIP-RL + GT Det and Nav v 83.30% 132.191
HIP-RL + GT Det and Nav 84.43% 271.966

Table 7.2: Comparison of Accuracy and Speed with and without priors on where objects can

begin.

7.5.6 Learning Speed

Figure [7.4] compares the convergence speed of HIP-RL on the IQUAD V1 task with the previous
state-of-the-art model, HIMN. After only 26,000 hierarchical steps, HIP-RL with ground truth in-
formation matches the final performance of HIMN with GT at 8 million hierarchical steps, a 300
fold gain. After 120,000 hierarchical steps, HIP-RL (without ground truth) converges to its max-
imum performance compared to HIMN which takes 500,000 iterations and achieves significantly
worse performance. HIP-RL trains much faster than traditional RL algorithms because the Planner
simplifies the learning by being able to return good, thorough trajectories even upon the network’s
initialization. This correlates well with how humans learn, using our knowledge of the world to
shorten the time it takes to solve a new problem. Being thorough early on is especially useful for
question answering where an algorithm may get confusing feedback if it answers too soon; for ex-
ample, for the question Is there a bowl in the room? if an agent does not see a bowl
and answers “no” but the correct answer is “yes,” the network will receive contradictory learning
signals. By using a symbolic planner, we ensure more thorough exploration so this case is much

less likely to occur, even at the beginning of training.
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7.6 Conclusion

In this chapter, we presented HIP-RL, a method for combining the benefits of Deep Visual Re-
inforcement Learning and Symbolic Planning. We demonstrate its effectiveness at increasing ac-
curacy and efficiency while simultaneously decreasing training time. Though this exact imple-
mentation may not be applicable to many other tasks, we believe the high level idea of joining
planning techniques and deep reinforcement learning can be useful in a broader array of tasks. In
general, we observe that using planning algorithms to assist in performing “good” actions results
in improved accuracy, test-time efficiency, and training speed. We are excited about the potential

impacts of visual agents and their ability to learn to interact more intelligently with the world.
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Chapter 8
DISCUSSION

In this thesis we describe multiple techniques for learning from the environment itself rather
than from specifically defined knowledge bases. This shift away from traditional supervised learn-
ing allows our models to learn not just what we think it should, but anything that it finds useful.
By letting a model directly observe and interact with the environment, we enable a richer, deeper
understanding of the world. We presented two potential paradigms for learning in this fashion:
learning by watching via direct video understanding, and learning by doing via interacting with

visual simulation environments.
8.1 Summary

The most basic way of learning passively about the dynamic visual world is to use unsupervised
learning on large collections of video data. Chapter [2| introduces the technique of Video Noise
Contrastive Estimation for learning using the similarities of individual frames of a video. By
forcing the representations from distant video frames to be similar, we pretrain a network which
is capable of understanding complex semantic concepts about the world such as objects, activities,
and scenes.

Chapter [3] further develops the idea of learning directly from video frames. For the task of
generic object tracking most algorithms train a detector on a single frame and then repeatedly
apply the detector frame-by-frame, ignoring any temporal context. Sidestepping this tracking-
by-detection meta-algorithm, we opt instead to directly learn from videos using recurrent neural
networks to regress where the object of interest moves. This allows our network to quickly adapt
its underlying object model without needing to retrain and directly incorporates temporal cues into

the prediction.
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In the second part of this thesis, we opt for an even more direct approach for learning about the
world - learning through interaction. Chapter [ introduces the high-level task of Visual Semantic
Planning (without navigation) in which an agent must learn to perform complex long-horizon
tasks purely through interacting with the world. We show that while learning these tasks, the agent
additionally learns object affordances and can quickly learn to perform new tasks.

Chapter 5| focuses on the low-level task of Navigation (which is required for any embodied
agent). Using structured gradient flows and auxiliary tasks, we decompose the learning problem
into two steps, perception and reasoning. By providing this additional grounding, we learn weights
which generalize better to new environments and tasks than typical end-to-end systems.

Chapters [6] and [7]tie the low-level and high-level tasks together hierarchically in order to solve
the challenging tasks of Interactive Question Answering and Visual Semantic Planning with
Navigation. Chapter[6]introduces an initial model known as the Hierarchical Interactive Memory
Network for solving these very long-horizon tasks like answering the question “How many apples
are in this room?” Chapter [/ further refines this method by incorporating a symbolic planner to
handle even more complex tasks like “Put all the apples in the sink.” We show that incorporating a

symbolic planner allows for faster convergence, better accuracy, and shorter episodes.
8.2 Future Directions

Although significant progress has been made towards general intelligence which can directly inter-
act with the world, there is still a large gap in performance between human capabilities and their
artificial counterparts. Further research in several directions is likely to yield significantly more

intelligent agents.

8.2.1 Language and Vision

Natural language provides additional information and knowledge about the world which is often
omitted from visual data. Incorporating natural language and visual systems together may yield

results which outperform those systems trained on only one of the two modalities. Especially in
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the interactive domain, language may prove to be a very useful signal for grounding the visual
understanding in concepts like visible objects, and relative relationships like “left of.” Initial work
of combining language and vision for complex embodied tasks such as Shridhar et al. [[194] pushes
in this direction and illustrates that there is significant room for improvement of even our best

systems.

8.2.2 From Simulation to the Real World

Significant progress in simulation environments has spawned numerous new and exciting direc-
tions. Simulation enables a scale of learning which is simply not possible to perform in the real
world. Additionally, simulation provides free, perfect labels, increases reproducibility, and reduces
safety concerns. However, simulated agents cannot actually be helpful to real-world humans; we
will need agents which are also successful in reality. As simulator graphics and physics improve,
the effectiveness of simulated agents at transferring to the real world also increases. Yet there is still
a reality gap. Reducing the friction between training in simulation and evaluating in the real world
is a necessary and exciting future endeavor. One potential way of accomplishing this would be to
pretrain a perception system on unsupervised tasks such as those in Chapter 2] and then learn a
policy with these features which operates well in both simulation and in the real world. This would
likely result in higher performance in transferring back to reality since the visual system would be

primarily (or entirely) trained on real-world data without requiring any additional labelling.

8.2.3 Self-Supervised Learning

Unsupervised learning techniques such as Video Noise Contrastive Estimation allow us to take
advantage of existing data at massive scales without needing to gather labels. It also extends flexi-
bility to the model since we never tell it exactly what to learn. However, this setup is still passive
and limited in this regard. Extending these or similar techniques to an embodied agent which can
gather its own data would allow for an even greater understanding of the world. An agent which

can actively decide what data to gather as its learning would be better able to tackle new unseen
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problems and learn specific area knowledge if required. Techniques such as Curiosity [[170] may
provide the next step forward for enabling agents to figure out their own strengths and weaknesses

and adapt to overcome these knowledge gaps.
8.3 Concluding Remarks

In this thesis we have presented several methods for learning about the visual world. However
there is still significant room to improve the visual capabilities of artificial agents. The rapidly
developing field of computer vision presents many interesting, challenging, yet ultimately solvable

tasks. This is an encouraging time for artificial visual intelligence.
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Appendix A
ADDITIONAL MATERIALS FOR CHAPTER[2

A.1 Implementation Details

For training our ResNet18 [83] representations we use the network up to the global average pooling
followed by a fully connected layer (512 x 512), Leaky-ReLLU and a final embedding layer (512 x
64). The features are L2-normalized and multiplied by 7 = ﬁ as in MoCo [80]. We use 8 GPUs, a
training batch size of 256 and a MoCo Memory Bank of size 65536 and a g-network momentum of
0.999. For multi-GPU training we employ the Shuffle-BN technique shuffling both the anchors and
the positives to reduce the correlation between batches filled with multiple images from the same
video. We use SGD with a learning rate of 0.03, momentum=0.9, and weight decay=0.0001. All
of these hyperparameters are shared with MoCo [80]. All methods are trained for approximately
450k iterations. When selecting frames from a video, we pick with replacement. In addition to
the natural augmentation, we perform standard data augmentation (color jitter, cropping, flipping)
on the inputs. This prevents the network from relying too heavily on shared video statistics like
mean frame color. After cropping, all images are resized to 224 x 224. It is worth noting that both
VINCE and our data (R2V2) can be used with other network architectures or learning algorithms
such as AMDIM [[14]], PIRL [154], or SimCLR [30]. We choose ResNetl18 and MoCo due to
implementation simplicity and relatively low computational constraints.

For ResNet50 training, we closely match the hyperparameters in MoCo v2 [31]. Specifically,
we use the blur augmentation and stronger color augmentation and a cosine annealing learning rate
for 286,000 iterations (200 epochs of ImageNet or equivalent on R2V2 regardless of the number of
unique positives per batch). The batch size we use is 896 with an initial learning rate of 0.105 and
an embedding dimensionality of 128. The temperature parameter used was 7 = %. We did not

perform any hyperparameter searches for VINCE or R2V2, so these results may be suboptimal.
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A.2 t-SNE

We provide the full resolution t-SNE [142] image for further inspection. Best viewed on a screen.

Figure A.1: Full Resolution t-SNE embedding of images from R2V2 test set.

A.3 Dataset Samples

Existing datasets such as YouTube8M [4] and Kinetics400 [109] provide a large number of
YouTube links over a diverse set of videos. However, these dataset are highly unbalanced and
contain many videos undesirable for learning strong visual representations. For example, the sec-
ond most common category in YouTube8M, comprising 540k of the 3.7 million training videos

is “Video Game,” and the fifth is “Cartoon” with 240k. The category “Minecraft” itself has over
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Kinetics 400  R2V2 YT8M R2V2

GOT-10k

Figure A.2: Random sampling of pairs of images from videos in each dataset. In GOT-10k,
sometimes different video clips are segments from the same original video as seen in the first and

second sample. Images are square cropped for visualization purposes only.

57,000 videos in the dataset whereas the category “Pear” has only 138. Kinetics contains only
videos of humans performing actions. Alternative datasets such as GOT-10k provide a com-

paratively small number of videos but with dense annotations (in GOT-10k’s case for object track-

ing).

A.3.1 Random Related Video Views Samples

We show more samples from R2V2 in Figure[A.3] Videos each have four images 150 frames apart.

Each separate video (outlined in blue) lists its corresponding YouTube link.
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Figure A.3: Sample from Random Related Video Views (train set).
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We provide full breakdowns of the Precision and Success of each method on OTB 2015 [234] for

the ResNet18 backbone. The values in the legend correspond to the (mean) area under the curve

for each method.

Precision Plot for OTB 2015
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Figure A.4: Precision (a) and Success (b) plots for OTB 2015 for various backbones.
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Appendix B
ADDITIONAL MATERIALS FOR CHAPTER

B.1 OPE Breakdown for OTB-50

Figure B.1: Full results of the OPE evaluation on the OTB-50 dataset.

Here we show the breakdown by category provided by the OTB evaluation code.

B.2 Network Architecture

Here we provide a more detailed schematic of the network architecture used for all experiments

(unless otherwise noted).
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Appendix C
ADDITIONAL MATERIALS FOR CHAPTER 4

C.1 Experiment Details

C.1.1 Experiment Setup

We used the Adam optimizer [116] for learning our Successor Representation (SR) model with a
learning rate of le-4 and a mini-batch size of 32. For the reinforcement learning experiments, we
use the discounted factor v = 0.99 and a replay buffer size of 100,000. The exploration term e is
annealed from 1.0 to 0.1 during the training process. We run an e-greedy policy (¢ = 0.1) during
evaluation. We use soft target updates (7 = 0.1) after every episode. For the easy and medium
tasks, we assign +10.0 immediate reward for task completion, —5.0 for invalid actions, and —1.0
for other actions (to encourage a shorter plan). For the hard task, we train our SR model to imitate
a plan that searches all the receptacles for an object in a fixed order of visitation based on the
spatial locations of the receptacles. We assign +1.0 immediate reward for task completion, and an

episode terminates as failure if the agent does not follow the order of visitation in the plan.

C.1.2 Network Inputs

The input to the SR model consists of three components: action (action type and argument), agent’s
observation (image), and agent’s internal state. The action type is encoded by a 7-dimensional
one-hot vector, indicating one of the seven action types (Navigate, Open, Close, Pick Up, Put,
Look Up, and Look Down). The action argument is encoded by a one-hot vector that has the
same dimension as the number of interactable objects plus one. The first dimension denotes null
argument used for Look Up and Look Down actions, and the other dimensions correspond to

the index of each object. RGB images from the agent’s first-person camera are preprocessed to
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84 x 84 grayscale images. We stack four history frames to make an 84 x 84 x 4 tensor as the
image input to the convolutional networks. The agent’s internal state is expressed by the agent’s
inventory, rotation, and viewpoint. The inventory is a one-hot vector that represents the index of
the held item, with an extra dimension for null. The rotation is a 4-dimensional one-hot vector that
represents the rotation of the agent (90 degree turns). The viewpoint is a 3-dimensional one-hot

vector that represents the tiling angle of the agent’s camera (—30°, 0°, and 30°).

C.1.3 Network Architecture

Here we describe the network architecture of our proposed SR model. The convolutional image
encoder 0., takes an 84 x 84 x 4 image as input. The three convolutional layers are 32 filters of
size 8 x 8 with stride 4, 64 filters of size 4 x 4 with stride 2, 64 filters of size 3 x 3 with stride
1. Finally a fully-connected layer maps the outputs from the convolutional encoder into a 512-d
feature. The actions encoder 0,,;, and internal state encoder 0;,,; are both 2-layer MLPs with 512
hidden units. A concatenated vector of action, internal state, and image encodings is fed into two
2-layer MLPs 6, and 6, with 512 hidden units to produce the 512-d state-action feature ¢, and
the successor feature 15 ,. We take the dot product of the 512-d reward predictor vector w and
state-action features (successor features) to compute the immediate rewards (Q values). All the
hidden layers use ReLU non-linearities. The final dot product layers of the immediate reward and

the Q value produce raw values without any non-linearity.
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Algorithm 3 Reinforcement Learning for Successor Representation Model

1: procedure RL-TRAINING
2: Initialize replay buffer D to size N

3: Initialize an SR network 6 with random weights 6 = [0;1, Ocnn s Omip, Or, 04, W]
4: Make a clone of 6 as the target network 6
5: for i = 1 : #episodes do:
6: Initialize an environment with random configuration
7 Reset exploration term € = 1.0
8: while not terminal do
9: Get agent’s observation and internal state s; from the environment
10: Compute Qs, . = f(s¢,a; 0) for every action a in action space
11: With probability e select a random action a;; otherwise, select a; = arg max, Qs, o
12: Execute action a; to obtain the immediate reward 7; and the next state S;41
13: Store transition (s¢, ag, r¢, S¢o1) in D
14: Sample a random mini-batch of transitions (s;, a;,7;, s;+1) from D
15: Compute 7, ¢, q,, and ¥, o, using 0 for every transition j
16: Compute gradients that minimize the mean squared error between r; and 7';
17: Compute s, a» Vs, 1,0, and Qsj 41,0 USING 0 for every transition j and every action a
18: if 5,1 is a terminal state then:
19: Compute gradients that minimize the mean squared error between s, o, and @s; o,
20: else:
21: Compute gradients that minimize the mean squared error between ©s, o, and @, o; + Vs, 1,0’
22: where @’ = arg max, Qsﬁl,a
23: Perform a gradient descend step to update 6
24: Anneal exploration term e
25: Soft-update target network 6 using 6

C.2 Algorithm Details

We describe the reinforcement learning procedure of the SR model in Algorithm 3| This training
method follows closely with previous work on deep Q-learning [[157] and deep SR model [128]].

Similar to these two works, replay buffer and target network are used to stabilize training.
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Figure C.1: Screenshot of Scene #9.

C.3 Action Space

The set of plausible actions in a scene is determined by the variety of objects in the scene. On
average each scene has 53 objects (a subset of them are interactable) and the agent is able to
perform 80 actions. Here we provide an example scene to illustrate the interactable objects and the
action space.

Scene #9: 16 items, 23 receptacles (at 11 unique locations), and 15 containers (a subset of recep-
tacles)

items: apple, bowl, bread, butter knife, glass bottle, egg, fork, knife, lettuce, mug 1-3, plate, potato,

spoon, tomato
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Scene Easy Medium Hard
1 open/ close fridge put lettuce, tomato and glass bottle to the sink find bow! and put in sink
2 open/close cabinet put apple, egg and glass bottle to the table top find plate and put in cabinet
3 open/close microwave put glass bottle, lettuce and apple to the table top find lettuce and put in fridge
4 open/ close cabinet put three mugs to the fridge find glass bottle and put in microwave
5 open/ close fridge - -
6 open/ close fridge - -
7 open/ close cabinet put three mugs to the table top -
8 open/ close fridge put potato, tomato and apple to the sink find lettuce and put on table top
9 open/close microwave put three mugs to the table top find glass bottle and put in fridge
10 open/close cabinet put glass bottle, bread and lettuce to fridge find bow! and put in sink

Table C.1: List of Tasks from Three Levels of Difficulty.

receptacles: cabinet 1-13, coffee machine, fridge, garbage can, microwave, sink, stove burner 1-4,
table top

containers: cabinet 1-13, fridge, microwave

actions: 80 actions in total, including 11 Navigation actions, 15 Open actions, 15 Close actions,
14 Pick Up actions, 23 Put actions, Look Up and Look Down.

We have fewer Navigation and Pick Up actions than the number of receptacles and items respec-
tively, as we merge some adjacent receptacles to one location (navigation destination). We also
merge picking up items from the same object category into one action. This reduces the size of the
action space and speeds up learning. An important simplification that we made is to treat the Navi-
gation actions as “teleports”, which abstracts away from visual navigation of the agent. The actual
visual navigation problem can be solved as an independent subroutine from previous work [249].
As discussed in Section 4.3.2} not all actions in the set can be issued given a certain circumstance
based on affordance. We use the PDDL language to check if the preconditions of an action are

satisfied before the action is sent to AI2-THOR for execution.
C.4 Tasks

We list the tasks that we have evaluated in the experiments in Table In summary, we evaluated

tasks from three levels of difficulty, with 10 easy tasks, 8 medium tasks, and 7 hard tasks.
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Appendix D
ADDITIONAL MATERIALS FOR CHAPTER 3

Dataset Number of Train Scenes Number of Train Episodes Number of Val Scenes Number of Val Episodes
IndoorEnv 990 898,267 905 99
MP3D 61 5,000,000 495 11
Gibson 72 4,932,479 1000 16

Table D.1: Dataset Statistics.

D.1 Dataset Details

We constructed the Point-Nav datasets for each of IndoorEnv, MP3D, and Gibson environments

h euclidean distance < 11)

using a sampling-based method which filtered out easy episodes (those wit seodesic distance

We additionally filter out episodes where there is no path between the start and goal location. The
start points from these episodes were additionally used for the Exploration and Flee tasks, but the

goal locations were ignored. Per-environment statistics are listen in Table
D.2 Cumulative Performance based on Starting Distance

To examine the balance of starting distances, Figure shows a breakdown of performance on all
episodes which start closer than N meters. This additionally shows that 50% of the episodes start

more than 9 meters away and nearly 25% start greater than 15 meters away.
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MP3D PointNav Cumulative Success and SPL vs. Distance
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Figure D.1: Cumulative Accuracy and SPL on MP3D dataset.

D.3 Network Architecture

Figure [D.2] shows the encoder-decoder architecture of SplitNet. The E2E method trains the blue
and orange portions, and the blind agent trains only the orange. Additionally the Motion layers
are only trained for SplitNet. Those are omitted for simplicity due to them operating on multiple

timesteps.
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Figure D.2: SplitNet Architecture.

D.4 Auxiliary Outputs

To verify that our network learns to encode geometry and appearance information, we show the

output of the RGB, depth, and surface normal decoders on test environments in Figure[D.3] Learn-

ing these encoder-decoders, especially for depth, improves the network’s ability to codify visual

information into actionable representations. The decoders also allow us to see where the network

makes mistakes as a method of debugging the failure modes.
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E.1 Full Accuracy Breakdown
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Accuracy of QA Per Answer

Existence Counting Spatial Relation
Correct Answer No Yes 0 1 2 3 No Yes

Always Answer Most Likely Value 57 0 27 0 0 0 52 0

A3C with no object detections 99.69 0.83 20.81 33.04 2653 2632 5502 6494
A3C with YOLO object detection 8491 14.05 4122 354 4207 4481 39.72 4277
A3C with oracle object detections 100 192 3429 11.11 35.14 23.08 6421 68.09
HIMN 9241 40 35.14 3393 32.17 2752 6444 66.67
HIMN with YOLO object detection 92.14 25.62 48.32 53.57 4830 50.66 5093 52.89
HIMN with oracle navigator 100 37.6 3624 5357 51.02 4211 70.82 72.29

Table E.1: Results for each question category broken down by each possible answer.

We separate the accuracies for different answers to explore potential biases in the questions as

well as in the model behaviors, shown in Table[E.T We find that the questions are mostly balanced,

yet Existence is slightly more likely to be false than true. This is a result of filtering out Existence

questions where the object is placed in an unobservable location. Because of this, we notice that

the A3C models, rather than learn how to explore the environment, simply exploits the bias in the

questions. Our model, on the other hand is still quite likely to get true existence questions correct.
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E.2 Network Architecture

The full HIMN network can be broken into several networks for navigation, planning, and

answering. Their architectures are as follows:

E.2.1 Navigation Network

Inputs:

 Current image at 300 x 300 x 3 resolution
¢ Previous Action One-Hot Vector
¢ Destination

Layers:

e Conv: 64 x 7 x 7 kernels, stride 2, ELU activation

e Max Pool: 2 x 2, stride 2

e Conv: 128 x 5 x 5 kernels, stride 1, ELU activation

e Max Pool: 2 x 2, stride 2

e Conv: 256 x 3 x 3 kernels, stride 1, ELU activation

e Conv: 256 x 3 x 3 kernels, stride 1, ELU activation

e Conv: 256 x 3 x 3 kernels, stride 1, ELU activation

e Max Pool: 2 x 2, stride 2

e Conv: 512 x 3 x 3 kernels, stride 1, ELU activation

e Conv: 512 x 3 x 3 kernels, stride 1, ELU activation

e Conv: 512 x 3 x 3 kernels, stride 1, ELU activation

e Max Pool: 2 x 2, stride 2

e FC1: Fully Connected on conv output: 1024 units, ELU activation
* FC2: Fully Connected on action one-hot: 32 units, ELU activation
* FC-Concat: Concatenate (FC1, FC2)

* GRU: 1024 units

¢ GRU-Concat: Concatenate(FC-Concat, GRU)

* Spatial GRU: 32 x 5 x 5

* Output Path Weight: Conv: 1 x 1 x 1, stride 1, activation = min(maz(1,5 * e*), 200)
* Crop: Spatial GRU at Destination with 5 x 5 padding

e Conv: 32 x 3 x 3 kernels, stride 1, ELU activation

e Conv: 32 x 3 x 3 kernels, stride 1, ELU activation

* Output Terminal: Fully Connected, no activation.
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E.2.2 Planner Network

Inputs:

* Current image at 300 x 300 x 3 resolution

* Semantic map at RoomW x RoomH x NumClasses + 5
* Previous Action One-Hot Vector

* Question Encoding

Layers:

e Conv: 32 x 7 x 7 kernels, stride 2, ReLU activation

e Max Pool: 2 x 2, stride 2

e Conv: 64 x 5 x 5 kernels, stride 1, ReLU activation

e Max Pool: 2 x 2, stride 2

e Conv: 128 x 3 x 3 kernels, stride 1, ReLLU activation

e Max Pool: 2 x 2, stride 2

e Conv: 256 x 3 x 3 kernels, stride 1, ReLLU activation

* FC1: Fully Connected on conv output: 1024 units, ELU activation
* FC2: Fully Connected on action one-hot: 32 units, ELU activation
* FC-Concat: Concatenate (FC1, FC2)

* GRU: 1024 units

¢ GRU-Concat: Concatenate(FC-Concat, GRU)

* FCQ: Fully connected on Question Encoding: 64 units, ELU activation
* Tile FCQ: RoomW x RoomH

* Concatenate(Semantic Map, Tile FCQ)

e Conv: 64 x 1 x 1 kernels, stride 1, ELU activation

e Conv: 64 x 11 x 11 kernels, stride 1, ELU activation

e Conv: 128 x 3 x 3 kernels, stride 1, ELU activation

e Conv: 256 x 3 x 3 kernels, stride 1, ELU activation

¢ Semantic Features: Conv: 256 x 3 x 3 kernels, stride 1, ELU activation
* QOutput: Viability: Conv: 1 x 1 x 1, stride 1, no activation

* Crop: 1 x 1 at Semantic Features(current spatial location)

* Concatenate (GRU-Concat, Crop)

* Output: V,;,,: Fully Connected on Concatenate

* Output: 7,4, Fully connected on Concatenate: 6 units



E.2.3 Answerer Network

Inputs:

* Semantic map at RoomW x RoomH x NumClasses + 5

Question Encoding

Layers:

E.3

Tile Question: RoomW x RoomH

Concatenate: (Semantic Map, Tile Question)

Conv: 64 x 1 x 1 kernels, stride 1, ELU activation
Conv: 128 x 3 x 3 kernels, stride 2, ELU activation
Max Pool: 2 x 2, stride 2

Conv: 128 x 3 x 3 kernels, stride 2, ELU activation
Max Pool: 2 x 2, stride 2

Conv: 128 x 3 x 3 kernels, stride 2, ELU activation
Max Pool: 2 x 2, stride 2

Spatial Sum

Fully Connected: 128 units, ELU activation

Fully Connected: 128 units, ELU activation

Output: Answer: Fully Connected: NumAnswerClasses, no activation

Output: V,,,5-: Fully Connected, no activation
Output: 7,,5.¢-: Fully Connected, no activation

Training details
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To train the navigation network, we used the ADAM [116] optimization algorithm with the learning

rate of 10™%, and default Tensorflow constants. We trained with a batch size of 256 for 200,000

iterations. To train the planner and answerer, we use the RMSProp optimization algorithm with

a learning rate of 1073, We use the learning curriculum described in section for 5 million

iterations of A3C (5 million distinct interactions with the environment).
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Appendix F
ADDITIONAL MATERIALS FOR CHAPTER

F.1 PDDL Domain

Despite the complexity of our agent, the entire PDDL [[149] domain can be specified on a single
page since the rules are generic and templatized. Below is the PDDL Domain used for the work in

Chapter

(define (domain qa_vsp_task)

(:requirements
cadl

)

(:types
agent
location
receptacle
object
rtype
otype

(: predicates
(atLocation ?a — agent ?1 — location)
(receptacleAtLocation ?r — receptacle ?1 — location)
(objectAtLocation ?0 — object ?1 — location)
(openable ?r — receptacle)
(opened ?r — receptacle)
(inReceptacle 70 — object ?r — receptacle)
(checked ?r — receptacle)
(receptacleType ?r — receptacle ?t — rtype)
(objectType ?0 — object ?t — otype)
(canContain ?t — rtype ?0 — otype)
(holds ?a — agent 70 — object)
(holdsAny ?a — agent)
(full ?r — receptacle)

)

(: functions
(distance ?from ?to)
(totalCost)

;; agent goes to receptacle



(:action GotoLocation
:parameters (?a — agent
?71Start — location
?71End — location)
:precondition (atLocation ?a ?I1Start)
effect (and
(atLocation ?a ?1End)
(not (atLocation ?a ?I1Start))
(forall (?r — receptacle)
(when (and (receptacleAtLocation ?r ?1End)
(or (not (openable ?r)) (opened ?r)))
(checked ?7r)
)
)

(increase (totalCost) (distance ?1Start ?1End))

;; agent opens receptacle
(:action OpenObject

:parameters (?a — agent
?1 — location
7r — receptacle)

:precondition (and
(atLocation ?a ?1)
(receptacleAtLocation ?r ?1)
(openable 7r)

(forall (?re — receptacle)
(not (opened ?re)))

)

effect (and
(opened 7r)

(checked ?r)
(increase (totalCost) 1)

;; agent closes receptacle
(:action CloseObject
:parameters (?a — agent
?71 — location
7r — receptacle)
:precondition (and
(atLocation ?a ?1)
(receptacleAtLocation ?r ?1)
(openable ?r)
(opened 7r)
)
ceffect (and
(not (opened ?r))
(increase (totalCost) 1)
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;; agent picks up object
(:action PickupObject

:parameters (?a — agent
71 — location
70 — object
7r — receptacle)

:precondition (and
(atLocation ?a ?1)
(objectAtLocation ?0 ?1)
(or (not (openable ?r)) (opened ?r))
(inReceptacle ?0 ?r)

(not (holdsAny ?a))

)

effect (and
(not (inReceptacle ?0 ?r))
(holds ?a ?0)

(holdsAny ?a)
(increase (totalCost) 1)

;; agent puts down object
(:action PutObject

:parameters (?a — agent
71 — location
70t — otype
70 — object
7r — receptacle)

:precondition (and
(atLocation ?a ?1)
(receptacleAtLocation ?r ?1)
(or (not (openable ?r)) (opened ?r))
(not (full ?r))

(objectType ?0 ?ot)
(holds ?a ?0)

)

effect (and
(inReceptacle ?0 ?r)

(full ?r)

(not (holds ?a ?0))

(not (holdsAny ?a))
(increase (totalCost) 1)
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E2 Goal specifications

For IQUAD V1, we specify the goal state as either checking all locations where the question’s
subject could be, or knowing where the question’s subject is. For example, for the question Is
there a mug in the microwave? the Planner knows the agent must only check the mi-
crowave, but for the question Is there a mug in the room? the agent must check the
microwave, the fridge, and all the drawers until it finds a mug. In general, every object can be in
any location apart from a few notable exceptions such as silverware should not be in the microwave.

For EQA V1 [38]], we state the goal as “the agent is looking at the object of interest if it knows
where it is, or it has looked through all the doorways that it has seen.” This encourages the Planner
to explore various different rooms in the environment in the case where the object of interest is
not located in the starting room. As PDDL is a natural fit for semantic planning, the goals are

straightforward. For VSP the goals are simply specified as “object X is in receptacle Y.”

E3 PDDL Goal Example

Below is the Find a mug goal spec. for the question Is there a mug in the room?

(:goal
(or
Either there is a mug in the room or...
(exists (70 — object)
(objectType ?0 MugType))
(and
(forall (?t — rtype)
(forall (?r — receptacle) ; For all receptacles

Either the receptacle cannot hold a mug
; Or the receptacle has been checked
(or
(not (and (canContain ?t MugType)
(receptacleType ?r 7t)))
(checked ?r)
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Existence Counting Spatial Relationship Mean
Method Accuracy Length Accuracy Length Accuracy Length Mean Accuracy Mean Length
HIMN 68.47% 31833 3043% 926.11 58.67%  516.23 52.52% 586.89
Planner Only 7230% 153.56 35.94% 22648 62.56% 35.94 56.93% 138.66
HIP-RL 81.72% 366.85 45.00% 547.8 71.25%  158.42 65.99% 357.69
HIMN with GT Detections 86.56%  679.7 3531% 604.79 70.94%  311.03 64.27% 531.84
Planner Only with GT Detections 87.34% 195.67 53.75% 2593  82.50% 54.35 74.53% 169.77
HIP-RL with GT Detections 9297% 30541 66.25% 427.56 84.53%  158.74 81.25% 297.24
HIMN with GT Detections and Nav 88.60% 618.63 48.44% 871.12 72.50%  475.55 69.85% 655.1
Planner Only with GT Detections and Nav ~ 80.31%  63.75  44.06%  85.28  79.84% 21.88 68.07% 56.97
HIP-RL with GT Detections and Nav 94.69% 12871 66.72% 183.11 88.59% 84.75 83.33% 132.19

Table F.1: Breakdown of Accuracy and Episode Length for various methods on the three

question types from IQUAD V1.

F4 Breakdown Per Question Type

Table [F.1] shows how each method performs on each different question type from IQUAD V1. In
all cases HIP-RL outperforms other methods. The Planner-Only results represent a lower bound

for the episode length of a HIP-RL-like approach.
E5 Generalization

One benefit of hierarchical models is they tend to generalize better as they force certain structure to
be consistent between seen and unseen environments. Yet because the hierarchical models depend
on the performance of individual components, the generalization performance of the constituent
models directly affects the overall performance. In Table [F.2] we explore the generalization of HIP-
RL on IQUAD V1 and VSP by comparing performance on rooms seen during training time with
never-before-seen rooms (EQA V1 only provides test questions for unseen environments). With
ground truth detections, HIP-RL generalizes quite well, losing less than 10% raw performance in
both cases and staying nearly as efficient step-wise. With Mask-RCNN [81] detections, there is a
much larger gap. In AI2-THOR [120]], there are frequently only as many examples of a particular

class as there are scenes (e.g. all cabinets in one kitchen look similar, but they look very different
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IQUAD V1 Seen VSP Seen
Accuracy Length SSPL  Success Length SPL
HIP-RL 77.75%  265.668 0.182 70.88% 245.301 0.384
HIP-RL + GT Det  87.04%  277.538 0.278 82.48% 170.22 0.504
IQUAD V1 Unseen VSP Unseen
Accuracy Length SSPL Success Length SPL

HIP-RL
HIP-RL + GT Det

65.99%
81.25%

357.69 0.086 46.01% 427.784 0.189
297.238 0.177 73.75% 254.367 0.362

Table F.2: Comparison of accuracy/success on seen and unseen environments. HIP-RL is the

full method, and HIP-RL + GT Det uses the ground truth detections.

to cabinets in another scene). Because there are so few different examples, Mask-RCNN strug-
gles to detect objects in unseen environments from AI2-THOR. We believe that in scenarios with
many more diverse training examples, HIP-RL with detection would approach the same level of

generalization performance as without.
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