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Diagram showing how the oscillation of neurons in the input space can be

propagated through neural networks to the latent neurons. We refer to this

property as temporal consistency: at any timestamp for a static input, the

entire network will be activated according to the current input, and so inputs

with spatiotemporal structure should also lead to hidden layer activations

with corresponding spatiotemporal structure. | . . . . . ... ... L.
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The left figure shows how a neuron 1n a representing space would fluctuate

along with the continuity of the inputs. The middle figure shows an example

plot for the neuron’s activation as a function of time. The right figure shows
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The layers of the Inception-v3 network that we focus on in our temporal
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A novel method to 1dentify neurons that correlate with a rotating object

using our Toybox video dataset. A. Temporal raster plot of neural activa-

tions 1n the final hidden layer of the pretrained Inception v3 network while

“watching” a rotating mug. Each row shows an individual neuron, and the

x-ax1s depicts time/rotation. B. The same neurons sorted based on their

FFT amplitude from high (top) to low (bottom). Note the stripe pattern on

the top half of the plot showing strong periodicity. C. Four different types

of neurons 1dentified using this method. D. Comparison of FFT analysis of

mug, cup, and car, showing top 10 neurons after FFT amplitude sorting.| . .
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Effects of silencing hidden layer neurons on output layer activations, aver-

aged over 100 1images per category from ImageNet-sourced testing set. A.

Silencing top N neurons based on FFT amplitude sorting leads to a much

steeper reduction 1n normalized logit value of the mug output neuron. The

blue line shows the reduction rate of silencing N randomly selected neurons

as a control. B. Similar to A, showing softmax values instead of logit val-

ues. C. Silencing mug-preferred neurons (MPNs) has a similar effect on the

logit value of the cup output neuron but has no effect on that of the car out-

put neuron. D. Zoomed-in plot of softmax values, showing that silencing

the top ~20 neurons decreases mug prediction confidence while increasing

cup prediction confidence, consistent with the fact that the majority of these

neurons correlate with the presence of the mug handle. | . . . . . . ... ..

5.6

A figure to demonstrate the temporal consistency analysis. Figure A shows

the amplitude heatmap of frequency of 4 for a rotating mug. Regarding

frequency of 4, Figure B shows the location of the top 1000 neurons; Figure

C shows the average activation of the top 1000 put neurons and top 10

bottleneck neurons in the temporal domain; and Figure D shows the same

top neurons 1n the frequency domain.|. . . . . . . ... ..o oL L.

78

5.7

The effect of pruning bottleneck neurons according to the amplitude de-

scending sequence while the neural network 1s watching all the rzplus ro-

tating objects 1n the mug category. The pruning sequence 1s the same across

sub-figures but different sub-figures get inputs from different categories.

The y-axis 1s the output neuron activation and the x-axis 1s the number of

neurons pruned. |. . . . ... L L.
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[5.8 The effect of pruning bottleneck neurons according to some random se- |

quence. Each sub-figure 1s for inputs from different categories. The y-axis |

1s the output neuron activation and the x-axis 1s the number of neurons |

[5.9 The top figure 1s for rzplus rotation amplitude sequence and the bottom |

figure 1s for the rxplus rotating amplitude sequence. The y-axis is the cate- |

gory and the x-axis 1s the bottleneck neuron sorted by the average amplitude |
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jects 1n each category in the bottleneck layer. The color encodes the sequence.| 81

[5.10 The top figure 1s for rzplus rotation amplitude sequence and the bottom |

figure 1s for the rxplus rotating amplitude sequence. In each amplitude |

sequence, the left and right figures are from the same results where the right |

figure 1s a top 700 neurons zoom 1n. The left y-axis 1s the testing dataset |
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axis 1s the number of top neurons 1n each category we used for prediction. |

The blue curve 1s the accuracy curve and the red curve 1s the total number |

of neurons curve. The yellow bar indicates where the network achieved the |
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6.1 The continuum of our Variable Viewpoint (V*) representations from the |

Multi-View extreme (left) to the Spherical extreme (right). The first two |

rows show the sampling points for the mesh and its convex hull. The rest |

of the rows show the Depth, Sine, and Cosine channels (details 1n Sec- |

tion [6.4.1)) of the mesh and its convex hull. All representations are from the |

same 3D object: an airplane in ModelNet40.| . . . . . . .. ... ... ... 85
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6.3

By fixing the total number of pixels C per channel, the number of views

NV (y-axis) and the pixels per view PV (x-axis) will form a straight line in

loglog scale. Different lines represent different C. Blue dots indicate where

multi-view [6] 7, 8, 9] and spherical representations [10, [11} 12} 13114} 15]]

from existing research are located 1n this space. Red dots indicate where

the new VZ representation experiments presented in this paper are located in

this space (including experiments that fuse several of these representations).

In other words, we expect that the V? framework and our initial experiments

serves to open up a new region of representations for 3D object recognition

that 1s ripe for exploration. | . . . . . .. ... o L oL

The V? representations used in experiment 1. From top to bottom the rep-

resentations are moving from the multi-view end to the spherical end while

keeping the total number of pixels constant. The left shows the sampling

point distribution, the right shows the V> D channel, and the bottom table

shows the five parameters for each V> setup. | . . . ... ... ... ....

6.3

The ModelNet40 test accuracies for 3D object recognition in the NV-PV

V> space of experiment 1. The y-axis, x-axis, blue dots, and the straight

blue lines are the same as Figure|6.3| Red circles indicate our experiment

1 results using a vanilla ResNet18 with no data augmentation, no pretrain-

ing, and no hyperparameter-tuning. Circle size indicates accuracy for our

expertmentsonly. | . . . . . . ...

The V? representations used in experiments 2 and 3. Each column is a

different object in ModelNet40. The first row 1s the mesh and the rest of

the rows are V* representations generated from different parameters, as
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6.7

The large V'~ representing space for 288 representations per object where

we will use the last 12 columns 1n our experiment 2 and 3. The top half

1s for an airplane in ModelNet40 and the bottom half 1s for a chair in

ModelNet40. In each half, each column 1s a different rotation, 1.e., the

first 12 columns are for y-axis rotation, the middle 12 columns are for

x-axis rotation, and the last 12 columns are for z-axis rotation. From

top to bottom, each row is a different V> representation evolving from

m=1n=1w=128h=128)to(m =128 n =128 w =1 h=1). Figure
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Chapter 1

Introduction

1.1 Introduction

Object recognition is an essential task for computer vision in which substantial com-
putational resources, large-scale datasets, and deep learning models all together have made
remarkable achievements. However, although both deep learning models and humans can
recognize objects, the training and testing representations are quite different. For humans,
the equivalent of “large-scale training datasets” are accumulated while they are growing
up.In particular, humans first get trained on a small number of objects with many view-
points per object during their infancy, and these early years of visual training build the
foundation to later learn new objects in almost a one-shot way [4]].

Furthermore, because the world is 3D while the human visual system involves 2D image
projections to a large extent, humans can receive different 2D visual stimuli by observing
the same objects from various viewpoints along with the haptic feedback about the 3D
structure of objects and observations about naive physics, to name a few such properties.
Among all these interactive properties of objects in the real world, we will focus on the
process of the 3D to 2D projections of object information. Projecting a single physical
object from 3D to 2D have so many possibilities than just a single image of the canonical
view of the object.For humans, the “training” dataset established through this projecting
procedure has some intrinsic properties different from common large-scale datasets such
as ImageNet [16] and Coco [[17]. This will be noted as viewpoint-rich 2D representations
in this dissertation, which may come from the change of perspectives, the rotation or trans-
lation of the object, or a mix of transformations.

In machine learning, researchers have designed many data augmentation techniques for

2D images, including geometry transformation (flipping/cropping/rotating), color adjust-



ment (brightness/hue/contrast), kernel filters, or modeling image properties using Genera-
tive Adversarial Networks (GANSs) [[18]. These are all post-data-collection augmentations
such that the images have been fixed and we then tweak the images. Data augmentations
in these approaches may not bring authentic viewpoint-rich representations, where “au-
thentic” here means different representations of the same object that you could plausibly
observe in the real world.

For example, cropping an image will lose resolution but bringing an object closer in the
real world will not. Also, imagining the new perspective of an object by GAN will be a
probabilistic guess but rotating an object to a new viewpoint in the real world will be the

ground truth.

1.2 Research Problem

Among many differences between the training environment for humans and deep learn-

ing models, I mainly focus on the following three key properties in my research:

1. Egocentric. Humans mostly get visual inputs from the first-person perspective of
this world, and especially for the learning of object recognition of infants during
their 12-24 month life [4]], many visual inputs are objects manipulated by hands from
the egocentric view. However, many large-scale or multi-view datasets don’t have
the egocentric property, and many egocentric datasets may not be designed for object

recognition or in a relatively small-scale.

2. Instance-limited. The instances that the infants can get in touch with are typically
very common objects in their daily life. These limited instances become the largest
portion of their learning resources for object recognition. In contrast, large-scale
datasets as web-crawling images may not include instance-level information, beyond
just a broad category label, though an increasing number of datasets do try to include

this instance information.



3. Viewpoint-rich. Although infants may just have a few instances, they will observe
these objects from extensive viewpoints. Such a rich experience of the same ob-
ject lays the foundations for our robust object recognition ability in the early life of

humans.

These properties serve as the basis for the research problem of this dissertation.

* In order to understand the developmental view of object recognition, we should
be able to quantify how key properties of human visual experiences, which are

egocentric, instance-limited, and viewpoint-rich, will impact learning.

* In order to quantify how these properties impact learning, we need datasets and

representations that can support systematic experiments over those properties.

Thus, inspired by findings from developmental psychology and considering current
practices in deep learning [19], I proposed a dataset called Toybox, benchmarked the ob-
ject recognition performance of humans and deep learning models on the Toybox dataset,
and interpreted what the latent neurons of neural networks might have learned given the
spatiotemporal consistency of the Toybox dataset. These three works become the first three

contributions of this dissertation:

1. an egocentric dataset of structural transformations, Toybox [20];

2. an object recognition benchmark to investigate differences between human and com-
puter vision on the Toybox dataset, including how differences in input representations

can affect object recognition performance.

3. novel methods for using Fast Fourier Transform (FFT) [21]], combined with the spa-
tiotemporal properties of the Toybox dataset, to analyze the frequency correlations
between the input and the latent space to interpret the representations at the last-

hidden layer in neural networks.



In addition, I designed and implemented a novel projecting framework to generate rich
representations from a 3D object to the 2D space, and demonstrated how these rich repre-
sentations could achieve strong performance on a 3D object recognition task. This work

represents the last contribution of this dissertation:

4. the Variable-Viewpoint (V?) representational framework [22] of systematically pro-
jecting a 3D object into 2D space, and the investigation of how the V2 representations

could be helpful for the 3D object recognition task.

Figure [I.1] shows where the four contributions of this dissertation fit together within a
general procedure of object recognition. As marked by the letters A, B, C, and D, A is
the structural-egocentric dataset we collected, the Toybox dataset; B is the object recog-
nition performance benchmark for deep learning models and humans on Toybox; C is the
temporal consistency representation interpretation using Toybox; and D is the projecting

framework for variable-viewpoint (V?) representations;

1.3 Motivation

The computer vision field has changed significantly because of the achievements of
deep learning [23], convolutional neural networks [24, 25]], and large-scale datasets [16),
17]. Object recognition as an important sub-field of computer vision has also been im-
proved substantially, and many state-of-the-art network architectures keep pushing the Im-
ageNet benchmark higher [26].

One interesting finding from research on human cognition and learning is that, in spite
of the boosted performance of object recognition through training on large scale datasets,
from the developmental research perspective, humans train their visual ability in a much
different or even reversed way. For example, Smith et al. found that [4] infants learned
their early object categories by highly repeated exposures to a few objects they played with

every day, such as their favorite toys. Then, while they are growing up, they are able to
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Figure 1.1: A conceptual diagram to demonstrate different stages in a general procedure of
object recognition. This figure also provides a holistic view of this dissertation, in terms
of how the contributions fit together: A) the structural-egocentric Toybox dataset, B) the
object recognition benchmark for deep learning models and humans on the Toybox dataset,
C) the temporal consistency representation interpretation using the Toybox dataset, and D)
the Variable-Viewpoint (V?) projecting framework and its usage for 3D object recognition.

recognize more and more new objects with just a few exposures of new objects. Similarly,
in a diary study of her infant son, Mervis et al. [27]] found that the initial concept of “duck”
was likely only from a few ducks around their house, such a plush duck toy or a plastic
duck rattle, that are extensively observed. Such a learning pattern for the human visual
system is much different from the large-scale dataset training that most current computer
vision models use. The early learning of object recognition for humans stems from a few
objects with very dense viewpoint observations which then become the visual foundations
to enable future learning of new objects in a one-shot or few-shot way.

One could imagine that babies have a very limited chance to have a large-scale dataset
of real objects but instead have access to just some toys they may play around with every
day. However, babies could benefit a lot from just a few toys to build their visual recogni-

tion system robustly. While time goes by, babies will be exposed to more objects, but the



interaction time per object will keep decreasing as well because of the larger moving region
and the faster learning ability for the new objects, i.e., the learning patterns are changing
while they are growing up. According to the paper [4], around two years of age, a child’s
visual system can learn a new object in an almost instant or one-shot way, i.e., by just taking
a quick look, the new object can be well learned.

We want to better investigate the experience of how infants are learning their visual abil-
ities by interacting with the world, and this was the motivation for collecting our dataset,
Toybox, and for proposed the Variable-Viewpoint (V?) representational framework. In
particular, we observe that infants essentially produce their own data augmentations by
thoroughly observing a few objects they have in hand. The Toybox dataset is trying to
model this procedure by recording rich representations of the same object from various
viewpoints, and the V2 framework is trying to model this procedure by bringing data aug-
mentation into the projecting stage from 3D objects to 2D images.

The data augmentation that happens through all of these 3D-to-2D conversions has in-
finite possibilities because of the continuity of the real world. Every viewpoint and every
time you look at the same object, you may not get the exact same projection. Toybox and
V? each model a subset of all these representation possibilities. And, from the perspec-
tive of scientific experimentation, both Toybox and V2 are designed so that researchers can
have systematic control over dataset and representation parameters. Furthermore, the rep-
resentations from Toybox and V2 are deep-learning friendly to help bridge experiments and

findings between infants’ learning experiences and deep learning models.

1.4 Approaches

To investigate object recognition training and testing in developmentally relevant ways,
this dissertation is composed of four key components of knowledge representations for

computational object recognition.



1.4.1 The toybox dataset

Toybox is a dataset with both multi-view and egocentric properties inspired by how
infants manipulate and observe toys in their hands. We collected Toybox by recording
egocentric videos while a participant is systematically manipulating an object by hand fol-
lowing well-defined instructions. Before Toybox, many multi-view datasets or egocentric
datasets have been published, but few contain both properties, and many egocentric datasets
were not designed for object recognition.

Toybox is a video dataset, which contains viewpoint-rich representations of 360 hand-
held object instances across 12 categories. A single object in Toybox will have 12 different
transformations such as translations and rotations resulting in ~6,600 images per object.
As a part of the contribution of this dissertation, the Toybox dataset has been published on-
line at https://aivaslab.github.io/toybox/, and some other research groups are using Toybox

for their studies [28,29].

1.4.2 The toybox benchmark

In the Toybox benchmark, we first did a full resolution (1920 x 1080) object recogni-
tion test of rotation videos for human performance by crowdsourcing recognition tasks on
MTurk [30], and then we used a different, deep-learnin-friendly resolution (128 x 128) of
rotation videos to compare performance between humans and current mainstream neural
networks such as ResNet [31] and Inception-v3 [32], both with and without pretraining.

This work reveals where the differences are between human and computer vision mod-
els for performance on the Toybox dataset, and establishes new benchmark goals for what

we should expect our computer vision models to eventually achieve on Toybox.



1.4.3 The toybox interpretation

Because of the spatiotemporal consistency in the Toybox dataset, we found that we
could utilize this property to interpret representations learned by neural networks using
conventional spatiotemporal analysis tools.

In particular, we showed that if the input neurons are activated in a continuous manner,
such as using the continuous frames in Toybox rotation videos, the neurons in the latent
space would be activated in a continuous manner accordingly. If we converted the continu-
ous signals of the latent neurons into the frequency domain, we can observe how different
neurons would have different frequency signatures to reflect how they may respond to the
corresponding inputs differently.

Therefore, when we are showing inputs from different categories to the neural net-
works, we could identify which latent neurons having stronger responses than others for a
specific category, and these latent neurons could be the main contributors to the recognition
of this category. We further examined this category-level representation interpretation of
latent neurons by pruning these identified neurons out to observe how the output neuron

activations will change as a result.

1.4.4 The V? representation

When a 3D object is projected into the 2D space, there will be unlimited possibilities
of projections, for example, from different perspectives, different distances, different res-
olutions, etc. The V? framework models several aspects of this projecting procedure in a
systematic way. Supported by the V> framework, we then can leverage, for object recogni-
tion, the potential rich and varied representations generated through the projecting process.

The V? frame provides a continuum of viewpoint sampling around a single object in
which we could control the distribution of these viewpoints and how the receptive field

of each viewpoint looks like. By tuning the parameters in the V? framework, we could



generated a lot of different V2 representations of just a single object. The V? framework
is publicly available now at https://github.com/aivaslab/v2/ as a part of the contribution of
this disseration.

One important contribution of V? is that it unifies two current approaches, the multi-
view [6] representations and the spherical representations [[10] to 3D object recognition. In
terms of how many viewpoints to observe of an object and how many pixels allocated per
viewpoint, the multi-view end will be using a few viewpoints but each view will have a
higher resolution, and the spherical end will be using extensive viewpoints but each view
will only have one pixel. Such a changing of the number of viewpoints and the pixels
per view is under the scope of the V? representations, and we identified that in the V?
space these two representations are just two extremes where a broad region of intermediate
representations exist between them to be explored.

We conducted a series of three computational experiments using the V2 framework, in
which we evaluated the expressive power of the V2 representations on the ModeINet40 [33]]
dataset for the 3D object recognition task. In particular, we tested various parameter setups
for the V2 representations on different deep learning architectures including MVCNN [6]
designed for multi-view representations, S2CNN [10] designed for spherical representa-
tions, and classic networks such as ResNet [31]. We also proposed Multi-Representation
Convolutional Neural Networks (MRCNN) to fuse several layers of V2 representations to-
gether which showed strong performance to the 3D object recognition task on ModelNet40

with no traditional data augmentation and no hyperparameter.

1.5 Organization

Chapter (I} is the introduction of this dissertation including introduction, research prob-
lem, motivation, approaches, and organization.
Chapter |2 contains related work about computer vision datasets in terms of differ-

ent viewpoints, object representations, object recognition architectures, data augmentation



methods, and neural network interpretation methods.

Chapter [3] introduces the Toybox dataset, e.g., how Toybox was designed, collected,
and annotated, and also presents some exploratory experiments and analysis on Toybox.

Chapter 4] explains the object recognition benchmark design for human and computer
vision on Toybox, and then presents and analyzes the benchmark results.

Chapter [5]illustrates how we could use the FFT algorithm to analyze the temporal con-
sistency propagating through neural networks to interpret the representations of latent neu-
rons, and further evaluates this kind of interpretation through ablation studies, i.e., by ex-
amining neuron pruning effects.

Chapter @ demonstrates how the variable-viewpoint V2 representational framework is
constructed, and evaluates how different deep learning architectures perform on various
V2 representations, including a new Multi-Representation Convolutional Neural Network
(MRCNN) architecture.

Chapter|/|is the conclusion of this dissertation, including what has been achieved, how
this dissertation may benefit our research community, and what might be promising in the

future based on findings and results.
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Chapter 2

Related Work

2.1 Introduction

In the introduction chapter[I} we have mentioned four main contributions of this disser-
tation, the Toybox dataset, the Toybox benchmark, Toybox-based neural network interpre-
tation, and the V2 representational framework. Thus, this chapter will go through related
work on computer vision datasets, neural network interpretation methods, and image data
augmentation, and then discuss how our work could add additional value to these existing

research areas of the computer vision community.

2.2 Datasets Overview

Numerous computer vision datasets have been published for supporting all kinds of
computer vision research. If we categorize these datasets by which data formats they are
in, we could have RGB images, RBG-D images, videos, 3D meshes, point clouds, etc.
Furthermore, inside each data format, we can consider variations in the research purpose
of the dataset, for example, object-centered RGB datasets such as ImageNet [34] for ob-
ject classification, or fine-grained objects-in-context RGB datasets such as COCO [[17] for
object detection and segmentation.

Now, if we focus on how vision datasets are built using different projecting methods
from 3D space to 2D space, we can find another way to categorize them in terms of the
viewpoint distributions they provide, i.e., from which viewpoint dataset images or videos
got captured. For 3D datasets in the formats of 3D meshes or point clouds, even though
the dataset itself can support arbitrary view setups, there are many available choices for
building 2D representations from the 3D model to perform visual tasks such as object

recognition, and these choices can affect eventual task performance just as much as the
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choice of a particular system architecture. Thus, in this section, we will review several
existing datasets organized by how the viewpoints of the objects are distributed within
each, and then explain how our dataset, Toybox, has joint properties across the classes of

egocentric-view datasets and multi-view datasets.

2.2.1 Web crawling viewpoint 2D datasets

Web crawling is one of the traditional methods to build large scale 2D datasets; for
example, ImageNet [[16] has reigned as the benchmark dataset for many computer vision
tasks in recent decades. These datasets crawled online have some particular viewpoint
distributions, because most of the images are taken from some common photographers’
viewpoints such that the viewpoint variations mostly lie within a limited zone of azimuth

and altitude [2] as shown in Figure

Airplane Bed Bookshelf

Figure 2.1: The leftmost sphere is a diagram of the direction of azimuth and altitude change,
and the three spheres on the right are the viewpoint distribution for the categories Airplane,
Bed, and Bookshelf in the ImageNet (The ImageNet viewpoint figures are from the paper
ObjectNet3D [2] by Xiang et al. Notice that how the viewpoints are biased on the direction
azimuth with a limited range of altitude.

Typically, these web crawling 2D datasets such as ImageNet by themselves do not have
the viewpoint information, so viewpoint estimation needs to be done post hoc. One classic
estimating procedure is to align 3D objects to the corresponding 2D images such that the
projecting plane of the 3D objects and the images look similar to each other.

ObjectNet3D [2] is the result of one effort to provide viewpoint information for Ima-

geNet images. To align the images by 3D objects, they collected related 3D models from
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the Trimble 3D Warehouse [35] and ShapeNet [36]]. Figure shows some viewpoint
distribution samples from their work.

Pascal3D [37] is another dataset trying to align 3D objects to 2D images, where the 2D
images are mainly from the Pascal VOC 2012 challenges [38] plus some additional images
from ImageNet, and the 3D objects are from the Google 3D Warehouse [39].

Similarly, IKEA [40] collected 2D IKEA furniture images from Flickr [41] and then
collected 3D IKEA furniture models from the Google 3D Warehouse [39]] to make the 3D-
2D alignment. Pix3D [42] extended the IKEA dataset by crawling more IKEA 2D images
online with the original 3D IKEA models for alignment, and they also built an additional
2D-3D alignment dataset by taking images of the object from multiple viewpoints locally
and then using Structure Sensor [43] to scan the object to construct 3D shape from the exact

same object.

2.2.2 Viewpoint-controlled 2D dataset

In addition to aligning 3D models to get post hoc viewpoint estimation for 2D images,
another approach is to record viewpoint information along with the original picture-taking
activity, either through recording instructions or viewpoint-controlled apparatuses.

ObjectNet [44] is an example of a viewpoint-instructed dataset that was build by col-
lecting data on the crowdsourcing platform Amazon Mechanical Turk (MTurk) [30]. Using
MTurk, the workers followed specific instructions to position the required objects and then
take pictures from required views. By implementing such a bias control data collection
procedure, though ObjectNet has 113 overlapped categories with ImageNet, the viewpoint
distribution is very different, that is, the viewpoints are uniformly distributed all around the
object, even including the bottom view.

Some other datasets have similar properties but did not use crowd-sourcing; the re-
searchers will follow instructions themselves to collect images. For instance, 3D Ob-

ject [45] captured 10 different everyday object categories from 8 different viewpoints, and
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EPFL-GIMSO08 [46] captured real cars during an auto show from 20 different viewpoints.
The images taken via viewpoint instructions can bring increased viewpoint diversity
into the dataset but may inject some human “noise” as well, since holding cameras in hands
cannot always be precise. Thus, another approach, using viewpoint-controlled apparatuses,
can help researchers to reduce human variance and thus provide more accurate viewpoint
control. Though the setups of the apparatuses might be different, the core components
are typically a turntable to control the azimuth degree and a camera arm to control the
altitude degree. Varying in total number of categories, total number of objects per category,
and total number of viewpoints per object, these datasets include COIL-100 [47], SOIL-
47 [48], NORB [49], ALOI [50], 3D Objects on Turntable [S1], Large-Scale RGB-D [52],
Big-BIRD [53], and iLab-20M [54]]. More details about these datasets can be found in

Table [3.1]in Chapter [3]

2.2.3 Egocentric viewpoint 2D dataset

Besides the datasets with web-crawling viewpoint distributions and viewpoint-controlled
viewpoint distributions, the egocentric view perspective is another important property that
reflects how humans are sampling visual input from the world. In the area of egocentric
datasets, most of them are recorded for specific activities in specific environments, e.g.,
making pizza in the kitchen, shopping in the grocery store, or walking from the metro sta-
tion to the office. Because these egocentric datasets are generally geared towards research
in life-logging areas, e.g., often to record actions rather than observe objects, the viewpoint
distributions of objects may not be well managed.

Therefore, most of the egocentric datasets contain variations in scenes and motions but
are not object oriented. Some egocentric datasets were collected for indoor or outdoor
activities, for example:

* EDUB [55] for shopping, working, etc.;

* GTEA GAZE [56] for making coffee, tea, etc., in the kitchen;
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* GTEA GAZE+ [56] for making pizza, pasta, etc., in the kitchen;

* First Person Social [57]] for traveling at Disney World such as walking, sitting, etc.

* CMU Multi-Modal Activity [58] for scrambling eggs, making pizza, etc., in the
kitchen;

* Huji EgoSeg [59] for sitting, standing, walking, in different scenes;

* UT Ego [60] for daily activities such as watching TV, grabbing a dish, or fetching
the milk, etc.;

* VINST [61] for working from a metro station to an office;

* ADL [62] for indoor activities such as combing hair, make up, drinking water, etc.;

* LENA [63] for watching videos, walking straight/up/down, drinking, etc.;

* COGNITO [64] for industry scenarios such as taking nail/screw, picking screwdriver,
putting down hammer, etc.;

* Bristol [65] for opening a door, making coffee, operating a gym machine, etc.

Some egocentric datasets were collected for human-related detection, for example:

EGO-HPE [66] for face orientation;

EGO-GROUP [66]] for group composition;

JPL First Person [[67] for human interaction;

Interactive Museum [68]] for the gesture recognition in the museum;

NUS First Person [69] for human-human or human-object interactions;

CMU EDSH [70]] for hand detection.

Some egocentric datasets were collected for scenes, for example:

* All I Have Seen [71] for kitchen, dinning room, tennis field, etc.;

* Michigan Milan Indoor [[72] for indoor scene understanding such as floor and ceiling.
As mentioned earlier, few datasets among these egocentric datasets serve the purpose

of object recognition. To the best of our knowledge, there are three datasets that are both

egocentric and object-oriented: GTEA [73]], Intel Egocentric [[74], and CORe50 [75]].
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2.2.4 Viewpoint-controlled egocentric 2D dataset - Toybox

As we described in the previous sections, viewpoint-controlled datasets may not have
egocentric properties, whereas the egocentric datasets may lack viewpoint control and very
few of them were designed for object-oriented visual tasks.

However, inspired by how infants are developing visual abilities from this world by
controlling the viewpoints of the toys in their hands to make egocentric observations, we
thought that a dataset that has both viewpoint-control and egocentric properties will help
us to investigate differences between computer vision models and humans for the object
recognition task, especially from a developmental perspective. Therefore, we constructed a
new dataset in this dissertation, Toybox [20], a dataset of egocentric visual object transfor-
mations, recorded by wearable glasses with systematic control of viewpoint distribution.

Among existing object-oriented egocentric datasets, GTEA has 16 objects with 1 ob-
ject per category, Intel Egocentric has 42 objects with 1 object per category, and CORe50
has 50 objects with 5 objects per category. In comparison, Toybox has 360 objects with
30 objects per category, which significantly increases the scale of objects represented in
this type of dataset. Serving as a stepping-stone dataset, Toybox possesses both egocentric
and viewpoint control properties through systematic viewpoint rotations and translations
around three main orthogonal axes in the 3D space. These transformations provide consid-

erable egocentric viewpoint variance.

2.2.5 3D datasets

The 3D datasets described in this section are datasets stored in explicit 3D formats such
as object meshes or point clouds. These datasets have a distinct advantage in viewpoint-
related research because we can have perfect control over viewpoints by rendering any 2D
representations from the original 3D objects. 3D datasets have been collected for many

different fields, such as research on the human body [76, /7], scene understanding [78, 79,
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80,181, 182] and object recognition [33, 36].

Particularly for the 3D object recognition domain, ModelNet [33]] and ShapeNet [36]]
are two common benchmark datasets in which objects are represented as meshes stored in
.OFF or .OBJ. formats. SHREC17 [[83] is a competition version of ShapeNet which is also
commonly in use. Toys-200 [84] is a 3D toy dataset whose objects are similar to Toybox

with the difference that they are synthesized and stored as mesh files.

2.3 Representations and Architectures

Representations and architectures in object recognition are typically associated with
each other, that is, some representations are particularly designed for some architectures
and vice versa.

Representations of 2D images are generally formulated as vector or raster images. In
contrast, representations of 3D objects have a relatively large family. Range images (depth
images) [85, [86] were used to store 3D information in early 3D research, and even nowa-
days, the depth channel still provides important information to describe the 3D object’s
shape. Polygon soup [87,88], sweep-CSGF [89], and spline-based representations [90] are
typically designed for other 3D tasks besides object recognition.

In the deep learning era, many architectures have been specially designed for certain
3D representations, for instance, Graph CNN on Mesh [91] for Polygon Mesh [92]; Point-
Net [93]] for Point Cloud [94]]; and Octree-based O-CNN [95]] for Octree/Quadtree-based
representation [96], etc.

Multi-view (multiple viewpoint images containing the whole object to represent the 3D
object) and voxel (similar to pixel but stacking in the 3D space) have also been explored
a lot recently using deep learning models. They have similar input representations as 2D
pixel-based representations, so that many existing deep learning components such as 2D
or 3D convolutional layers can be directly applied on them. For example, researchers have

designed MVCNN [6], GVCNN [9], RotationNet [7], and OrthographicNet [97/]] for multi-
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view representations. Orientation VoxelNet [98], BV-CNN [99], VoxNet [100], VRN En-
semble [101], and 3DShapeNets [33]] have been designed for voxel-based representations.
Some comparisons have been done to compare voxel and multi-view representations [[102]
regarding the 3D object recognition performance based on CNN architectures.

Spherical signals [103, [104] have been studied since the late 20th century and in year
2002, Vranic and Saupe [105] demonstrated the usage of the spherical signals as 3D shape
descriptors [[105] for 3D vision tasks. Because of the rotation-invariant property of spheri-
cal representations and the increasing usage of omnidirectional cameras in drones and au-
tonomous cars, spherical deep learning models have been investigated more in recent years
such as S2CNN [10], SPCNN [[15], SPNet [[12]], and UGSCNN [[11]]. Sphere sampling [[106]]
algorithms affect how spherical representations are composed, and these algorithms include
Driscoll-Healy grid [103], McEwen-Wiaux [[107], Geodesic [108]], or Goldberg methods.
The main difference among these algorithms is the viewpoint distribution on the sphere.

The Variable-Viewpoint (V?) representations proposed in this dissertation are intended
as a general framework to cover both the multi-view and spherical representations men-
tioned above. In the V2 representing space, multi-view and spherical are just two extremes
varying in the number of views and pixels per view. Our V2 framework can help to build
a platform for interesting comparisons among different representation-architecture combi-
nations.

Also, we found a broad region of new representations in the “middle” of the V2 repre-
senting space, and by utilizing these “middle” representations, we achieved strong perfor-

mance on the 3D object recognition task on the ModelNet40 dataset.

2.4 Data Augmentations of 2D Images

Image data augmentation is a common technique to help with the performance of object
recognition models. Typically the current methods to augment 2D images are post hoc,

which means we don’t have the original object information anymore but just a single picture
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of it to be augmented.

Many approaches have been developed for post hoc image data augmentation, including
some classic transformations such as affine transformations (rotation, cropping, reflection,
flipping), elastic transformations (brightness, contrast, color distortion), and the application
of kernel filters (Gaussian kernel), etc.

Some deep learning based data data augmentations have been proposed in recent years,
especially taking advantage of the adversarial examples [109], neural style transfer [[110,
1111, and generative adversarial networks (GAN) [18]]. The image augmentation by adver-
sarial examples is to counter the adversarial attacks to the deep learning models, such that
by training on these adversarial examples, the models could be more robust while facing
malicious inputs. The image augmentation by neural style transfer could change the back-
ground of an image, adjust the color style, or merging images together. Researchers have
been using the neural style transfer to augment their datasets [[112,[113] to transition stimu-
lated environments to the real-world. GAN can be used for different purposes of image data
augmentation, for example, Bzowles et al. [[114] shows that GANs reveal “additional” in-
formation in their CT dataset and Xinyue et al. [115] shows the usage of CycleGAN [116]
to augment the face emotions for emotion classification.

We noticed that besides these post hoc augmentations, image data could be augmented
significantly through projecting from 3D space to 2D space, i.e., viewpoint-varying aug-
mentations. Such a viewpoint augmentation is a core part of training the human visual
system, as found in studies in developmental psychology such as for face recognition [[117]]
or object recognition [118]].

While GAN based methods can generate how the other viewpoints of an object might
look, another approach is to add this kind of augmentation as part of the original data
collection itself. In other words, we can also proactively model this projecting procedure if
we have the original object “in hand”, i.e., either having the physical object or having the

3D object mesh stored so that we could observe it from any given angle.
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Therefore, the dataset Toybox and the projecting framework V2 proposed in this dis-
sertation leverage the viewpoint-variance of 3D objects to investigate different kinds of
viewpoint augmentation in the training of object recognition models, in addition to the post

hoc augmentation methods typically used in current practice.

2.5 Neural Network Interpretation

The interpretability of deep learning has been capturing much attention recently in
many domains such as speech recognition, natural language processing, and computer
vision, as a part of the focus on Explainable Artificial Intelligence (XAI) [119]. In this
section, we will mainly discuss deep neural network interpretation in the computer vision
domain.

Activation Maximization (AM) is one of the common techniques to interpret hidden
neurons. The core idea behind AM is to construct the input so that it can maximize the
activation of a designated neuron [[120], and such an activation maximized input image will
help us reveal which kinds of visual input will be more likely to cause that neuron to fire.

Similar to our temporal consistency method in Chapter [5] the AM interpretation algo-
rithm also tries to establish connections between the input and hidden space, where the
main difference is that AM is trying to find a “snapshot” that can maximize the activation
of a hidden neuron, whereas our method is trying to maximize the activation-changing of
a hidden neuron by changing the inputs. Additionally, our temporal consistency method
could take advantage of the input space continuity to reveal the features stored in hidden
neurons along with the temporal axis that may not be captured in AM.

Another common technique to interpret hidden neurons is to visualize CNNs through
some backpropagation strategies such as Deconvolutional Networks [[121} [122], Guided
Backpropagation [[123], Class Activation Mapping (CAM) [124], or Gradient-weighted
Class Activation Mapping (Grad-CAM) [123]], to reveal which regions in the input space

are more relevant for the deeper layers. Each approach will have some particular core
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components to pass the information backward from the feature space to the input space,
such as the deconvolutional layer or the guided backpropagation layer, which can reverse
the convolutional operator while preserving the information from the feature space. These
backpropagation approaches were mainly designed for the interpretation of an entire layer
of neurons, and our temporal consistency was designed for the interpretation of a single
neuron.

Occlusion sensitivity [[121] and network dissection [126,127] are both forms of system
ablation, to interpret neural networks by trimming some parts of the neurons out, either in
the input layer or hidden layers, in order to observe the activation changing in the hidden or
output layers. Our temporal consistency method utilized a similar idea to further evaluate
neuron interpretation by pruning the identified neurons. The hidden neurons whose activa-
tions are changing significantly while the inputs are changing are pruned, and we monitor

how the activations of output neurons will change as a result.
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Chapter 3

The Toybox Dataset of Egocentric Visual Object Transformations

3.1 The Research Question

How can we design a dataset to support computational object recognition research that
contains the properties that we know are important in human development, i.e., egocentric,
instance-limited, and viewpoint-rich?

This chapter will go through the methodology about how we collect, annotate, and
organize the dataset; the overview of the Toybox dataset and how it compares to ImageNet;
some exploratory experiments to show the properties of the Toybox dataset; and finally, the

summary of the Toybox dataset.

3.2 Abstract

In object recognition research, many commonly used datasets (e.g., ImageNet and sim-
ilar) contain relatively sparse distributions of object instances and views, e.g., one might
see a thousand different pictures of a thousand different giraffes, mostly taken from a few
conventionally photographed angles. These distributional properties constrain the types
of computational experiments that can be conducted with such datasets and do not reflect
naturalistic patterns of embodied visual experience.

As a contribution to the small (but growing) number of multi-view and egocentric
datasets that have been created to bridge this gap, we introduced a new video dataset called
Toybox that contains egocentric (i.e., first-person perspective) videos of common house-
hold objects and toys being manually manipulated to undergo structured transformations,
such as rotation, translation, and zooming. In Toybox, the naturalistic embodied patterns
of human visual experience can be captured by our egocentric recordings, and the diversity

of viewpoint distribution of the objects can be captured through structured manual trans-
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formations.

In this chapter, we will discuss the motivation for the Toybox dataset, illustrate how
the Toybox videos were collected and annotated, describe how the structure of Toybox is
different from ImageNet, and show some exploratory experiments of how the viewpoint

variance in Toybox will affect object recognition performance.

3.3 Introduction

Many recent breakthroughs in computer vision, such as for the problem of visual object
recognition, have been driven by the creation and use of large-scale labeled image datasets
collected from the Internet, with ImageNet being a canonical example [34]. In a sense,
these datasets have coevolved with the algorithms that learn so successfully from them—
researchers continue to develop algorithms that work better and better on the types of data
distributions found on the Internet, and also continue to collect ever larger and more densely
labeled datasets using similar online data collection methods.

While the scientific advances and practical applications generated by these efforts have
undoubtedly transformed the landscape of Al and machine learning, there are still many
fundamental open research questions about how (and how well) intelligent agents can learn
to recognize objects under very different types of training regimens. In addition, there are
many problems going beyond recognition that may require richer visual experiences with
objects than are typically gathered online, for instance, problems of visual commonsense
reasoning or mental simulation. Two areas that will especially benefit from studying such
questions are:

1. Research in Al + cognitive science to study the development of human object
recognition. Research in developmental psychology has produced many interesting find-
ings about the number and types of object instances children experience while learning
category concepts. In a fascinating diary study of her infant son, Mervis [27]] observed

that his initial concept of “duck” was likely based on seeing live ducks at a nearby park, his
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Figure 3.1: Toybox examples. (Color adjusted for PDF view.) The 1st row is a ryplus
rotation sample from the animal super-category; The 2nd row is a rxplus rotation sam-
ple from the household super-category; The 3rd row is a rzplus rotation sample from the
vehicle super-category. The details of different rotation terminologies can be found at Sec-

tion @

plush duck toy, a plastic duck rattle, a rubber duck, and a handful of other odd, duck-themed
household objects, toys, and picture books, and was gradually generalized and pruned over
time.

Recent wearable-camera-based infant studies have found similar uneven distributions
of experience across object instances, categories, and viewpoints, and these distributions
also change with an infant’s age [129]]. Tt is likely not the case that infants learn despite
these irregularities, but rather that infant learning leverages these distributional properties,
e.g., through bootstrapping, curriculum learning, etc. In other words, the infant’s “learning
algorithm” has coevolved alongside the neural, sensorimotor, cognitive, and sociocultural
factors that combine to create an infant’s visual world. Thus, Al research that explores in-
teractions between training distributions and learning algorithms is poised to play a critical
role in the cognitive science of visual learning, including for understanding the effects of
technology (e.g., advent of print media, television, and now Internet) on child development.

2. Research in Al + robotics to advance the learning capabilities of embodied
agents. Robots or other physically embodied agents (e.g., stationary cameras) may have

access to online information but will likely also need to be able to learn from their immedi-
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ate environment. For example, a household robot may need to learn about specific objects
in a person’s kitchen through a series of naturalistic visuomotor interactions that generate
complex, unevenly distributed, and heavily occluded object views. What kinds of learning
algorithms would be capable of learning from such data? One-shot learning, active recog-
nition, and various forms of active learning are all relevant to this question, and will benefit
from the creation of richer visual datasets.

The Toybox dataset. Here, we present a new dataset called Toybox (see example
images in Figure [3.1)) designed to facilitate computational experiments on visual object
recognition and related vision problems, especially in the context of studying aspects of
embodied (e.g., human or robot) visual object experience, including: (1) continuously sam-
pled views of objects undergoing several different types of transformations, including ro-
tation, translation, and zooming; (2) an egocentric perspective (i.e., handheld, first-person
views), which means that objects are held in naturalistic grips and thus are always partially
occluded; (3) a range of everyday categories, including household objects, animals, and
vehicles; (4) a diversity of object instances, with 30 distinct physical objects representing
each category.

For the kinds of studies that Toybox is designed to support, we will present one experi-
ment in this chapter to studying the effects of instance and viewpoint diversity on recogni-
tion performance. In chapter[d]the Toybox benchmark, we will present more detailed exper-
iments to compare different viewpoints, different zooming, different network architectures,
etc., between deep object recognition models and human object recognition performance.

Then in chapter 5] we will use Toybox as an example dataset to investigate how hidden
layer neurons in a trained neural network respond to continuous variations in object pose
and to show how such a temporal continuity can be utilized to interpret hidden neuron

representations.
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Figure 3.2: Viewpoint distributions in ImageNet. Viewpoint information is annotated by
aligning 3D models. Figure is from the ObjectNet3D dataset [3]].

3.4 Multi-View Object Recognition Datasets

As described above, ImageNet and many other widely used, “Google Image Search”-
type vision datasets contain only one image per real-world object [34]. In addition, object
viewpoints are constrained by the fact that most online images are created by adult humans
using handheld camera devices [130].

Providing an interesting demonstration of this viewpoint bias, the ObjectNet3D dataset
contains images from ImageNet annotated with the 3D pose of pictured objects [3]. As
shown in Figure[3.2] different categories show very different viewpoint distributions, based
on how people (adults) tend to encounter certain objects in everyday life.

Taking a complementary approach, several vision datasets have been created to provide
multiple views of the same physical object, as reviewed in Table 3.1} These datasets are
typically of two types: (1) discrete but structured object viewpoints are collected with the
help of a turntable, e.g., the NORB, RGB-D, and iLab-20M datasets [131} 132, 133]; or (2)
continuous but unstructured objects viewpoints are collected using human handheld object
and/or camera manipulations, e.g., the Intel Egocentric and CORe50 datasets [[134,1335]].

We designed the Toybox dataset to capture the advantages of both approaches. Toy-

box contains egocentric-perspective videos of the camera-wearer holding and manipulat-
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Figure 3.3: Comparison of viewpoint distributions across several multi-view datasets. We
include two versions of the Toybox datasets, with or without the hodgepodge viewpoints,
i.e., those viewpoints are distributed while the camera-wearer was freely manipulating the
object. (For the hodgepodge version, Toybox off-axis viewpoints are estimations only and
will vary from object to object.)

ing various objects in structured ways, e.g. completing two full revolutions of an object
along a specified axis of rotation at a (roughly) constant speed, among other types of trans-
formations. We also include a period of unstructured manipulation to capture a random
assortment of off-axis views.

Figure [3.3] shows the viewpoint distributions provided by several existing multi-view
datasets, as well as by the Toybox dataset. As can be seen in this figure, most of the existing
multi-view datasets use turntables, and thus no bottom-facing views of objects are available.
Toybox aims to provide a more complete set of object views. We do not know how valuable
such views might (or might not) be for object recognition, but at least having the data
available will enable experiments to study viewpoint distributions and visual learning in
more detail.

Inspired by how ObjectNet3D [3] analyzed the viewpoint distributions of ImageNet
as shown in Figure [3.2] we created a comparison of viewpoint distributions as shown in
the Figure [3.3] which clearly demonstrates how the systematically structured viewpoints

of Toybox dataset complements existing datasets for the purpose of studying the effect of
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viewpoint distributions on object recognition.

Many common object recognition datasets (e.g., ImageNet, Microsoft COCO, etc.)
contain only one image per real-world object[34, [17]. While these datasets have driven
much exciting research in computer vision in recent years, they are, by their construction,
limited in their applicability for supporting experiments to understand the viewpoint-varied
object recognition of deep CNNs.

Several existing datasets are already beginning to fill this gap, as listed in Table [3.1]
Each of these datasets contains more than one viewpoint, i.e., naturally captured image, per
object. We do not include synthetic image manipulations in this table, such as artificially
skewing or scaling original images to create new ones. We also do not include datasets that
rely on fully synthesized objects/images.

While most of these datasets have provided background variations such as lighting,
location, etc., many of these datasets have captured only a discrete collection of viewpoints,
using, for example, a turntable turned by every 3° or 45 ° [131} 133, [132]. iLab-20M [133]
is the only dataset that has more images per object than Toybox by counting all the other
variants but the number of viewpoints is just 88 per object. Of the datasets that provide
dense images of objects, the majority of them captured arbitrary handling of the objects
[135)1134].

Also, while at least one other dataset has captured manually performed, continuously
varying rotations (e.g., iCubWorld-Transformations), these rotations are labeled only by
broad type of rotation (e.g., in-plane or in-depth), and thus for a given image frame, specific
pose information is not immediately available (i.e., would need be annotated).

Toybox contains images captured continuously at 30fps spanning full object rotations
along all three rotational axes, as well as horizontal, vertical, and front-to-back (i.e., zoom-
ing) object translations. Manual rotations and other transformations in Toybox were timed
to follow fixed patterns so that estimates of object pose can be calculated for the majority

of Toybox images.
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Table 3.1: Computer vision datasets that contain multiple real (i.e., not synthesized) images
of the same physical object from different viewpoints.

Dataset Reference  Categories Objs/Cat  Viewpoints/Obj Other Variants Imgs/Obj Total Imgs
COIL-100 [136] 100 ~1 72 n/a 72 7,200
SOIL-47 48] 47 ~1 21 lighting 42 1,974
NORB! [1310 5 10 648 lighting 3,888 194,400
ALOI 1137] 1000 ~1 72 lighting 111 110,250
3D Objects on Turntable 1138] 100 ~1 144 lighting 432 43,200
3D Object [139] 8 10 24 zooming 72 ~7,000
Intel Egocentric*? [134] 42 1 various® background, manual activity 1,600 70,000
EPFL-GIMS08 [46] 1 20 ~120 n/a ~120 2299
RGB-D? 1132] 51 3-14 750 camera resolution 750 250,000
BigBIRD2 1140] 100 ~1 600 n/a 600 60,000
iCubWorld-Trfms.>* (1411 20 10 150-200 lighting, background, zooming ~3,600 ~720,000
iLab-20M [133] 15 25-160 88 lighting, background, focus >18,480 21,798,480
CORe50%43 [133) 10 5 various® indoor/outdoor, slight handheld movement ~ ~300 164,866
eVDS (1421 35 37-97 various® n/a >144 ~420,000
Toybox*3 [this paper] 12 30 ~4,200 translating, zooming, manual activity ~6,600 ~2,300,000

! Stereo pairs not included in counts. > RGB-D video. 3 Updated counts from dataset website.

4 Handheld objects. > Egocentric video. © Unstructured viewpoint distributions.

As a final note on datasets, the datasets in Table can also be divided by whether

objects are on a table or other fixed surface (e.g., COIL, NORB, etc.) versus handheld (e.g.,

Intel, iCubWorld-Transformations, CORe50). Because objects in Toybox are handheld,

images do contain some occlusions, which are unstructured; people collecting Toybox data

were instructed to hold objects naturally while performing each object manipulation. Thus,

Toybox may also be interesting as a testbed for studying the manual affordances of objects.

3.5 Toybox Dataset Collection, Organization and Annotation

Figure [3.4] provides an overview of the Toybox dataset. This section provides details

about the design of the dataset and our recording methods.

3.5.1 Selection of categories and objects.

Toybox contains 12 categories, roughly grouped into three super-categories: household

items (cup, mug, spoon, ball), animals (duck, cat, horse, giraffe), and vehicles (car, truck,

airplane, helicopter).

To maximize the usefulness of Toybox for comparisons with studies of human learning,
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Figure 3.4: Toybox overview. Toybox contains 12 categories with 30 individual physical
objects per category. There are 12 video clips per object. Each clip contains a defined
transformation of the object: two full revolutions for rotation clips and three back-and-
forth shifts for translation clips. A final “hodgepodge” clip contains unstructured object
motion, mostly rotations. Please see Supplementary Video 1 for representative clips.

all 12 of these categories are among the most common early-learned nouns for typically
developing children in the U.S. [5]. Categories were also selected to provide shape variety
in each super-category (e.g., spoon vs. ball, duck vs. cat, etc.) as well as shape similarity
(e.g., cup vs. mug, car vs. truck, etc).

Each category contains 30 individual physical objects. For both animals and vehicles,
we cannot include real objects, and so objects are either realistic, scaled-down models or
“cartoony” toy objects. Objects were purchased mostly in local stores, with some acquired
online. Individual objects were selected to provide a variety of shapes, colors, sizes, etc.,

and can be considered a representative sampling of typical objects available in the U.S.

3.5.2 Recording devices

Videos were recorded using Pivothead Original Series wearable cameras, which are

worn like sunglasses and have the camera located just above the bridge of the wearer’s
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nose. Camera settings included: video resolution set to 71920 x1080; frame rate set to 30

Jps; quality set to SFine; focus set to auto; and exposure set to auto.

3.5.3 Canonical views

For each category, we defined a canonical view of the object, roughly centered in front
of the camera-wearer’s eyes. Cups and balls start in an upright position with no need to
adjust the rotation due to the shape symmetry. Mugs and spoons start in an upright position
with the handle to the right. Animals and vehicles start in an upright position facing towards

the left.

3.5.4 Video clips

For each object, a set of 12 videos was recorded, as shown in Figure [3.4] Each clip is
~20 seconds long, with the exception of absent/present video clips, which are ~2 seconds
long. For rotations, each clip contains two full revolutions of the object; for translations,
each video contains three back-and-forth translations starting from the minus end of each
axis. Rotations and translations were controlled to have an approximately constant velocity
over the 20-second duration of the video. To do this, we developed a set of audio “temporal
instruction templates” that camera-wearers would listen to while creating each video. Thus,
the pose of the object in every frame of a given video clip can be estimated according to its

time.

3.5.5 Rotation terminology

We defined six different rotations in our dataset as shown in Figure [3.5] We follow
the right-hand rule to define the plus direction around the x, y, and z axes. So the rxplus
rotation is to rotate the object towards you and the rxminus rotation will is to rotate the

object away from you. The ryplus rotation is to rotate the object clockwise parallel to the
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Figure 3.5: The six rotation directions collected in the Toybox dataset.

wall and the rymius rotation is to rotate the object counter-clockwise parallel to the wall.
The rzplus rotation is to rotate the object counter-clockwise parallel to the ground and the

rzminus rotation is to rotate the object clockwise parallel to the ground.

3.5.6 Recording procedures

Objects were semi-randomly assigned to individual camera-wearers (members of our
research lab) such that no individual was over-represented in any category or object size
class, to reduce any biases related to specific personal attributes or individual hand ges-
tures. All videos were collected in an indoor setting against an off-white wall. Recordings
were made across various times of day and lighting conditions, and so there is variation in

lighting across different objects (as can be seen in Figure [3.4)).

3.5.7 Organization of objects

After we finished all the recordings, we sorted our objects into well labeled boxes
and padded them with foam materials for future reference. Figure [3.6 and show the
overview of the organization of the Toybox dataset objects. We have also built a reference
book based on these blue tags over the object for the quick indexing of the object in the

future.
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Figure 3.6: An overview of all Toybox objects well sorted in padded boxes. In general,
each box will contain all of the objects in the same category. The blue tag on the top of
each object is the object number we assigned to uniquely identify each object. Certain balls
has been deflated to save space but were inflated while recording.

3.5.8 Bounding box annotation

Figure [3.18] shows an overview of all 360 objects (12 categories x 30 objects per cat-
egory) in the Toybox dataset. These objects were the objects we published online for
bounding box annotation, i.e., drawing one bounding box for the object held in hands in
each image.

As an object-centered dataset, to trace where the object is from the egocentric view is
important to explore object recognition models. For example, the changing of viewpoints

may change the size and aspect ratio a lot even for the same object.
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Figure 3.7: The left figure shows the large objects in Toybox dataset that cannot fit in a
single box. The right figure is an overview of all objects sorted in labeled boxes.

Thus, we crowdsourced bounding box annotations through Amazon Mechanical Turk
(MTurk) [30] for the 6 rotations (rxplus, rxminus, ryplus, ryminus, rzplus, and rzminus)
and the hodgepodge videos at 1 FPS, which is approximately 30 degrees changing per
frame in the rotation videos.

We instructed the workers to only draw one bounding box per image for the object held
in hand. Since most of the objects will be partially occluded by hands, we also instructed
that if you couldn’t see the boundaries of the object, please guess where the boundaries
would be and include those invisible parts of the object inside the bounding box as well.

Since the video recording was at 30 FPS and 1920x1080 resolution, we downsampled
the frame rate to 1 and kept the original resolution for bounding boxes. We first tried 3
assignments per Human Intelligence Task (HIT), i.e., the MTurk terminology to indicate
how many workers will work on one task. We found that, after further specifying worker
requirements of task acceptance rate > 99% and total completed HITs > 1000, even for 1
assignment per HIT, i.e. 1 bounding box per image, the quality of the bounding boxes was

high enough for our research purpose. Thereafter we only collected 1 bounding box per
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Figure 3.8: The bounding box size, i.e., boxwidth x boxheight, calculated from the 1st
frame of the rzplus rotation video for the objects in Toybox. The largest possible size
is 1920 x 1080 = 2.0736 x 1e6. Each row is a different category and each column is the
object number, except the last column which shows the average bounding box size for that
category. Categories belonging to the same super-category are grouped together, i.e., the
first 4 rows are the household objects, the second 4 rows are the animals, and the last 4
rows are the vehicles.
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Figure 3.9: The bounding box aspect ratio, i.e., boxwidth/boxheight, calculated from the
1st frame of the rzplus rotation video for all of the objects in Toybox. Each row is a different
category and each column is the object number, except the last column to show the average
bounding box aspect ratio for that category.

image. After the completion of the crowdsourcing annotation, we manually went through
each bounding box to fix occasionally missing values or misplaced boxes. Eventually, we
got 48868 valid bounding boxes for rotation videos and 8317 valid bounding boxes for
hodgepodge videos.

Figure[3.8]and Figure 3.9 shows the bounding box size and aspect ratio in Toybox from
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the first frame of the rzplus rotation. Since these objects were all held in hand and recording
using an egocentric, head-worn camera, the bounding box size and the aspect ratio of each
object will reflect approximately the real size and ratio projected onto the receptive field of
humans’ eyes.

As a result, we can tell one object is “bigger” than another object, which is harder
to determine in datasets like ImageNet [34] or Coco [[17]. Also notice how the object size
could vary a lot for the same category, i.e., an object may occupy almost the entire receptive
field ( 80% of the entire view) such as giraffe 29 or truck 7 (whiter boxes), or just a small
field ( 10% of the entire view) such as airplane 1 or spoon 23 (darker boxes).

Compared to the size variance, the aspect ratio is more fixed within the same category;
for example, most of the spoons have a larger aspect ratio because of their thin and long
shape. Such a similar aspect ratio property even exists at the super-category level; animals
tend to have an aspect ratio around 2 (see the similar colors for giraffe, horse, cat, and duck
in the middle of Figure [3.9), and vehicles tend to have an aspect ratio around 5 (see the
similar colors for helicopter, airplane, truck, and car at the bottom in Figure [3.9). If you
take a look at the last column for an average of all objects in the same category, you will
notice how the super-category groups similar aspect ratio categories together.

Figure [3.10] shows how the aspect ratio will change along with viewpoint changes dur-
ing rzplus rotation. Since in Figure we showed that the aspect ratio remains similar
inside each category, to plot this graph, we chose the first object in each category as the rep-
resentative to show the aspect ratio changing trend. Categories in the same super-category
tend to oscillate in the same range, with spoon as an exception. If we think about the sym-
metry of these objects, for perfect rotations without “human noise,” the line graph should
be a perfect sine or cosine curve, but if we take a look at how humans rotated these objects
in Figure [3.10, we will notice how humans will constantly make some perturbation to the

object that augments the visual experience of the same object.
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Figure 3.10: The bounding box aspect ratio changes along with the viewpoint changes
during rzplus rotation for the first object in each category. The y-axis is the aspect ratio and
the x-axis is the frame number in rzplus rotation (approximately 360/18 = 20 degrees per
frame.) Colors are grouped by super-category: blue for households, red for animals, and
green for vehicles.)

3.5.9 UMAP visualization of Toybox

UMAP [143] is an algorithm to reduce higher dimension data into a lower dimension
space. It achieves this by first constructing a high-dimensional graph of all data points by
the nearest neighborhood (the distance metric can be defined differently) and then building
a low-dimensional graph that could be as similar as possible by optimizing the loss between
the high- and low- dimensional graphs. The author claimed that by stipulating each dot
connect to at least one nearest neighbor, the global structure can be preserved so that the
distance in the low-dimensional space are not just meaningful for points insides the same
cluster but for points in different clusters.

In the UMAP paper, the author used the COIL-20 [[144]] dataset as an example to show
the dataset structure topology. COIL-20 captured 20 different objects from different view-

points on the turntable, and we found that the UMAP visualization of it is interesting such
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that many “loops” formed for each object because in a full rotation of the same object, the
first view is smoothly transitioning to the last view and the first view and the last view are
very similar.

Toybox as a viewpoint-rich dataset that has the hierarchical structure, we expected the
structure of the Toybox dataset would be very different from the ImageNet dataset, and
hence we utilized the UMAP as tool to inspect the dataset structure of Toybox.

The implementation of UMAP is the official UMAP repo [145].

The Toybox images used here are all square cropped images for the objects in all 6
rotation videos. We collected the bounding boxes for the original resolution (1920 x 1080),
so we post-processed the bounding boxes into squares and then resized images to 128 x
128.

We ran UMAP on the raw input space and the feature space extracted by a trained
Inception-v3 [32]] network.

To train the network to extract features from the Toybox dataset, we followed the fol-
lowing process. In Toybox, we have 30 objects per category, so we split these 30 objects
into 27 objects for training and 3 objects for testing. We use all the cropped images from
the rz rotation videos so that each object will have 2 rotations (rzplus/rzminus) and 18 im-
ages per rotation = 36 images per object. The training dataset then will then contain 12
categories X 27 objects per category x 36 images per object = 11664 images in total and
the testing dataset will contain 12 categories x 3 objects per category x 36 images per
object = 1296 images in total. We trained the network with 100 epochs, batch size 64,
and learning rate 0.01 with 0.5 times learning rate decaying every 10 epoch. Finally, the
network achieved 0.859568 accuracy on the testing dataset.

The dimension reduction for raw the input space was calculated from the flattened im-
ages, 1.e., from 128 x 128 x 3 to a vector of length 49152. The feature space has a vector of
length 2048.

For UMAP visualizations in Figures and the left sub-figure is the visualiza-
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Toybox Umap - All 6 Rotations of All Objects in Each Category

ball mug giraffe cat helicopter truck
spoon cup horse duck airplane car

anden B 3
Sy : O V\%\‘."-.‘i’ duck
,q"ﬁ,'n’rs,ﬂ 3

UMAP: n_neighbors=15, min_dist=0.1 UMAP: n_neighbors=15, min_dist=0.1

Figure 3.11: The UMAP visualization for all objects in all 6 rotations. Color series encodes
the category and the darkness of colors in the same series encodes the object. The little text
on each cluster indicates the category of that cluster as well.

tion for the input space, and the right sub-figure is the visualization for the feature space.

Figure [3.11] shows the hierarchy of our Toybox dataset from super-category, category,
to object level. The feature space shows how super-categories are clustered together, i.e.,
animals are clustered at the top right in the feature space, households clustered at the bottom
left, and vehicles clustered at the bottom right.

Figure [3.12] shows the UMAP visualization for all 6 rotations of a single object in each
category. Notice that the viewpoints from different rotations in the input space form cycles,
since when an object gets rotated in a full revolution, the first viewpoint will be very similar
to the last viewpoint, and viewpoint changes are incremental in between. Thus, such a start
view — different view — end view — start view cycle will be reflected as a cycle in the
embedding space.

In the feature space, to some extent, this viewpoint information seems to disappear in
the feature extracting process, as many cycles have shrunk to crowded clusters. The view-
point information disappearing through the feature extraction of the network is expected

since the network we trained is just for an object classification task with no need for re-
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Toybox Umap - All 6 Rotations of the 1st Object in Each Category
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Figure 3.12: The UMAP visualization for all 6 rotations of the 1st object in each category.
The little text on each dot is which rotation the dot belongs to. The color encodes the
category. Notice different viewpoints in the input space will form cycles, whereas those
cycles will get reduced in the feature space. This shows how viewpoint information is lost
or reduces through the feature extracting process in neural networks.

taining viewpoint-specific information. In fact, the network is essentially trained to be
viewpoint invariant. If we do not inject pose information somewhere in the loss function
or the network architecture, the classic convolutional neural networks will not keep this

information.

3.6 Comparison with ImageNet

The design principle for Toybox and ImageNet is quite different. Toybox is intended to
capture developmentally-relevant aspects of embodied human visual experience, whereas
ImageNet uses web-crawled photos, essentially covering a “Google-Image-search” flavor
of visual experience, as shown in Figure @

Figure shows the UMAP visualization comparison between the Toybox and Im-
ageNet. The hierarchical structure designed in Toybox, i.e., the super-category, category,

object, etc., makes the island clustered in such a hierarchical way, whereas the ImageNet,
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Figure 3.13: The left figure is updated from the paper [4] showing where the Toybox and
ImageNet would be located in a space of possible object/image distributions, in compari-
son to typical infant visual experience. In this figure, the y-axis is the proportion of frames
analyzed from the head-mounted camera videos on infants’ heads. The x-axis is the unique
nouns, such that “nouns” is a developmental psychology preferred terminology for “cate-
gories” in the machine learning field. Thus, the y-axis is essentially meaning that how long
the same category will be exposed to the infants and the x-axis is for different categories.
Since Toybox have collected the common early-learned categories for typically developing
children in the U.S. [5] and record these categories in a long time exposure (~ 6600 images
per category), the Toybox dataset will be on the top-left corner in this space. On the con-
trary, ImageNet collected more than 1000 categories in which many of them are out of the
early-learned categories, and each category will have ~1000 images, the ImageNet will be
on the bottom right corner in this space. The right figures compares Toybox and ImageNet
in the object level. The y-axis is still the number of frames as the left figure, but the x-axis
now is the number of objects per category. Toybox is on the top-left corner where just a
few instances are available but with extensive viewpoints per instance to better capture the
instance-limited and viewpoint-rich features we think that is important for human vision
development as discussed in Chapter[I} ImageNet is on the bottom-right corner where tons
of instances are available but with very few viewpoints that lacks such a property.

composed of web-crawling images, does not have such a hierarchical structure.

3.7 Exploratory Experiments Using Toybox

For initial, proof-of-concept object recognition experiments with Toybox, we use the
transfer learning methodology appearing in many recent studies, e.g., [146, [141]], which
involves retraining the last layer of a pretrained, deep convolutional neural network.

We used the ImageNet ILSVRC 2012 pretrained Inception v3 network[147] as a fixed

41



The UMAP of Toybox The UMAP of ImageNet
All Objects and All Rotations Same 12 Categories as Toybox

xxxxx
quququ

........

ek telcopter

sssss
foisé:
nnnnnnnnnn

(((((

wiratte

nnnnn

rs=15,

Feature Space Input Space Feature Space

Input Space

Figure 3.14: The UMAP visualization comparison between Toybox and ImageNet. The
left figure is for Toybox and the right figure is for ImageNet. The hierarchical structure
designed in Toybox is clearly visible, whereas no such structure is observed for ImageNet.

feature extractor, and then retrained the last layer as specified for each experiment. More
than half of the Toybox categories do appear in the original 1,000 categories used for pre-
training in ImageNet—except for helicopter, giraffe, horse, and duck. Notice that although
the ILSVRC 2012 dataset does not contain all categories in the Toybox dataset, the en-
tire ImageNet dataset does so we could build a test ImageNet dataset which has the same
categories as Toybox.

We ran two experiments related to viewpoint variance. The first experiment is to in-
vestigate the training effects by different number of objects and viewpoints. The second
experiment is to investigate the object recognition accuracies tested along with different
viewpoints. The Toybox images used in these proof-of-concept experiments are the images

sampled from the original videos without any bounding box cropping.

3.7.1 Experiment 1: Using Toybox to study the effects of instance diversity and view

diversity on recognition

In Experiment 1, we retrained the last layer of the ILSVRC 2012 pretrained Inception
v3 network using images from Toybox, and then tested recognition performance using

images from the same categories from ImageNet. Test performance is measured as the
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top-1 error rate.

Note that the choice of using ImageNet images (instead of hold-out Toybox images)
for testing was deliberate. We aimed to explore how well training on a small number of
handheld, often toy objects would be able to generalize to the very different objects/views
in ImageNet (e.g., training on toy cats to recognize real cats). (Certainly other testing
approaches would also be interesting and will be discussed in Chapter |4| on the Toybox
benchmark.) We constructed this ImageNet test set to contain 100 images/category across
the 12 Toybox categories.

Object variance. We first looked at the effect of object variance on recognition per-
formance by varying the number of individual physical objects per category in the training
dataset, while keeping the total number of training images per category fixed at 1100 and
uniformly drawn from the various video clips contained in the Toybox dataset.

For example, with one object per category, each of the 12 categories is represented by
1100 images of a single object from that category. With two objects per category, each
category is represented by 1100 images uniformly drawn across two objects (550 images
per object on average).

Results from this experiment are shown in Figure[3.I5A. A training set with images of
only a single Toybox object per category (i.e., 1100 images per object) yields an average
error rate of 60.63%, which while not excellent, is well below the random-guessing baseline
error rate of 91.7%. Adding a second object (i.e., about 550 images per each of two objects)
further reduces error to 51.98%. Adding more objects per category (with total training
images per category fixed at 1100) continues to improve performance significantly, with
our final experiment using 30 objects per category yielding an average error rate of 21.43%.

We also characterized the performance improvement by computing best-fit lines using
both linear and exponential models. As shown in Figure [3.I5A, the exponential curve
yields a better fit. Therefore, at least from the perspective of this model fitting, it appears

that increasing object diversity will reduce the error rate in an exponential manner, with
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Figure 3.15: Effects of object variance and viewpoint variance on recognition performance,
measured as top-1 error rate on an ImageNet-sourced test set. Each trial was run 5-6 times,
shown as individual data points. A. Recognition as a function of instance diversity, i.e.,
number of objects per category in the Toybox training set, with the total size of the training
set held fixed. B. Recognition as a function of view diversity, i.e., number of images per
object in the Toybox training set, ranging from 2 to 40 images per object.

much greater improvements in performance for the first few added objects, and smaller
increases thereafter (especially after about 20 individual objects).

Viewpoint variance. We also looked at viewpoint variance, by varying the number of
images per object included in the Toybox training set. By sampling these images uniformly
across all Toybox video clips, the number of images per object can be used as a proxy for
views per object. We conducted this experiment under three conditions, with the total
number of objects per category fixed at 6, 12, and 24, respectively.

For example, for 12 objects per category condition, we varied the total number of im-
ages per object from 2 to 100, drawn uniformly across all 12 objects. Specifically, if we
pick 2 images per object, the training dataset would have 2 x 12 = 24 images per cat-
egory, and similarly, if we pick 100 images per object, the training dataset would have
100 x 12 = 1200 images per category.

Figure 3.15B shows results from this experiment. (Although we experimented with
numbers of images per object up to 100, we noticed a near constant error rate once this
number exceeded 40, and so the graph in the figure is truncated at x = 40.) Results across

the three conditions show similar trends, and so we focus our discussion here on the 12
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Figure 3.16: There are 12 sub-figures, in which each figure is the activation changing of
all 12 output neurons as encoded by colors while the network is watching rzplus rotating
objects in the category shown in the sub-title. The y-axis is the output layer activation,
and the x-axis is the rotating degree of the object. We noticed many interesting viewpoint-
varied recognition patterns such as mug vs cup and cat vs horse.

objects/category condition (blue data points and curve).

With a single image per object, the average topl error rate is 33.0%. This error rate
is subsequently reduced to 27.5% if we have 10 images per object, and is further reduced
to 25.6% and 24.8% for 20 and 40 images per object, respectively. As with object diver-
sity, the effects of view diversity appear to show an exponential trend, with only modest

improvements after about 5-10 views per object.

3.7.2 Experiment 2: Using Toybox to study object recognition for continuous viewpoints

The neural network setup is similar to the previous experiment, i.e., the Inception v3
network pretrained on ImageNet and then transfer-learned on 12 categories in Toybox.
However, to test the effect of the changing of continuous viewpoints of the same object for
object recognition, we can’t use ImageNet anymore because ImageNet does not have the
continuous viewpoint information as the Toybox has. Instead, the test set is the leave-out
set of Toybox, which contains 3 objects that have never been seen in the training dataset.
Then the network will watch a rzplus rotating object to give the classification prediction for

different viewpoints.
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Figure 3.17: A mug example of rzplus rotation. Notice how the appearance will get con-
fusing from mug to cup if we didn’t capture enough viewpoints from the same object. This
confusion has also been reflected in the neural networks as how the output neurons, mug
and cup, are oscillating relative to each other while the network is watching a rotating mug

(Figure3.16).

Figure [3.16] shows the average value of output neuron activations over 3 test objects
while the network is watching them rotating along with the z-axis. Different colors repre-
sent different output neurons.

The recognition of a rotating ball, cup, giraffe, and helicopter is viewpoint-robust along
the z-axis viewpoints; however, some categories have clear confusion patterns with other
categories. For example, a rotating airplane will make the neural network get confused be-
tween an airplane and a helicopter; a rotating cat will make the neural network get confused
between a cat and a horse; and a rotating mug will make the neural network get confused
between a mug and a cup. In fact, these kinds of confused rotating objects might make hu-
man vision confused as well. Figure [3.17]is a good example of how a rotating mug might
be recognized as a cup from a certain range of viewpoints.

These results indicate an important conclusion that different categories might have very
similar appearances as a function of viewpoint; for example, the bottom view of a car and
a truck or the back view of a mug and a cup. Therefore, this type of error is neither a bias
error, e.g., the model is too simple to fit the data, nor a variance error, e.g., the model is too
sensitive to the trivial details of the dataset, but rather intrinsic noise existing in the dataset.

Surprisingly, in the human performance benchmark we conducted in the Chapter @}, hu-

man workers on MTurk [30]] can still achieve high recognition accuracy on rare viewpoints.
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3.8 Discussion

In this chapter, we presented the new Toybox dataset of egocentric visual object trans-
formations from design, to collection, to annotation. We also provided results from two
sample experiments showing how this dataset can be used to study visual learning, includ-
ing (1) effects of instance diversity and view diversity on recognition performance, and (2)
using Toybox to study object recognition for continuous viewpoints.

In addition to the experiments presented here and in Chapter 4, we expect that the Toy-
box dataset will be valuable for studying new types of representations and learning algo-
rithms that lend themselves to continuous image sequence inputs (though not the research
direction in this dissertation).

For example, in human vision, object motion is critical for segmentation, and also likely
plays a role in many other aspects of object detection and recognition. Most of the large-
scale computer vision datasets are composed of discrete images that are randomly selected,
while humans learn most vision tasks through continuous input. Toybox allows us to start
addressing questions such as whether getting continuous visual input is beneficial for recog-
nition performance, and how and why this might be the case. This continuous viewpoint
property of Toybox will also be relevant to study different learning regimens such as se-
quential learning [148] and incremental learning [84]].

In addition, the ability to represent object motion and self-motion is essential for both
humans and artificial intelligent agents. However, since most of the deep CNNs are built to
train on randomly selected, static images, these CNNs cannot detect object motion at least
from early convolutional layers. In contrast, humans have neurons both in the retina and
visual cortex that prefer certain motion directions [[149, [150]. How motion features affect
recognition performance, and how object motion might contribute to the learning phase as
well (for instance, by providing a real-time version of data augmentation), are currently
open research questions in the study of visual learning.

With its structured object transformations and wide selection of categories and object
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instances, we believe the Toybox dataset will help drive continued research advances on

these and many other important questions in Al and cognitive science.

3.9 Conclusion

In this chapter, I present the design principles, collection, annotation, and properties of
the Toybox dataset. I show how Toybox has the egocentric, instance-limited,and viewpoint-
rich properties that characterize human visual learning. Finally, I explain how, because
Toybox has these properties, it fills important gaps in currently available object recognition
datasets to support research on how variations along these dimensions may affect object

recognition performance.
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Figure 3.18: The overall view of the objects in the Toybox dataset. Images sampled from
the first frame in the rzplus rotation videos. Each column is a different category and each
row is a different object in that category.




Chapter 4

Egocentric Variable-Viewpoint Object Recognition Benchmark

4.1 The Research Question

How well do different deep learning models perform on the Toybox dataset both with
and without pretraining? What are the differences in performance between deep learning
models and humans on the Toybox dataset, in terms of overall accuracy and as a function
of categories, objects, and viewpoints?

To answer these questions, this chapter will go through the Toybox dataset setup for
benchmarking the object recognition performance between deep learning models and hu-
mans; the Toybox object recognition benchmark among non-pretrained deep learning mod-
els, pretrained deep learning models, and humans; the investigation of where the differences
are between deep learning models and humans in different levels of the hierarchical struc-

ture of the Toybox dataset; and the summary of the Toybox benchmark.

4.2 Introduction

While deep learning has pushed object recognition to higher and higher levels of per-
formance, the training schema used in conventional deep learning models is actually quite
different from the developmental trajectory for humans. Infants in the first two years of life
are often in a visual environment where only a few objects are available to them, but these
objects are extensively observed from various viewpoints [[151} [118} 4]. In contrast, deep
learning models generally rely on large-scale datasets with only one image (and thus only
one viewpoint) per physical object and a large diversity of objects, though the distribution
of viewpoints per object is also often limited.

Additionally, besides the training environment difference, how humans and deep learn-

ing models will handle object- and viewpoint- level variance at test time might also be
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different. The investigation of these differences may provide insights about how we could
design models that can learn from more naturalistic inputs and also that might perform
more like humans at test time.

Egocentric, instance-limited, viewpoint-rich are the visual properties that characterize
our everyday visual experience (including both “training” and “testing’’) while we are grow-
ing up, and so benchmarking model performance in this environment will drive us to build
models that might learn, and perform, in more developmentally relevant ways. Supported
by the Toybox dataset that contains these properties, this chapter will provide a new object
recognition benchmark for deep learning models and humans, and then analyze where the

differences are between them in different levels in the Toybox hierarchical structure.

4.3 Methodology

To maximize the viewpoint variance in data for our benchmark experiments, we mainly
focused on the rotation videos in the Toybox dataset, i.e., the rotating directions of rxplus,
rxminus, ryplus, ryminus, rzplus, and rzminus as shown in Figure[3.5]in Chapter 3]

We used Amazon Mechanical Turk (MTurk) [30] as the crowed sourcing platform to
collect human performance data. When we first published object recognition tasks online,
the results we retrieved seemed overly high, i.e., even for some “nonsense” images to us,
e.g., some cropped images with only a small patch of the object in the image, these images
could still be recognized successfully. We came up with some potential explanations such
as the workers might work together so they can share information for what they have anno-
tated, or the workers themselves haven’t been blocked properly for the same objects online
that are more clear to see. Finally, we realized that the urls referring to these images hadn’t
been encrypted, so that the categories of these images could be directly found through the
urls if the workers know how to extract them. Therefore, we carefully maintained a worker
ID list to keep tracking who has done what, and we applied hashed functions to the image

urls to hide all information that might point to the answers to avoid potential target leakage.

51



After resolving these issues, we designed two experiments to build the benchmark.

The purpose of the first experiment is to calibrate the benchmark across objects and
viewpoints to figure out the hard objects and viewpoints in Toybox. Thus, we used full
resolution images (1080p) and rxplus/rzplus rotations only, since rxminus/rzminus are just
reversed viewpoint sequences and ryplus/ryminus are in-plane rotations.

According to the Toybox recording instructions, we could estimate which viewpoint
the current frame is. Based on such a viewpoint estimation, we took front, back, top, and
down views for the rxplus videos and front, back, left, and right views for the rzplus videos.
Figure shows the locations of these 8 viewpoints where the front and back views from
rxplus and rzplus videos are overlapped to each other; however, they may not be exactly
overlapped because of the perturbation introduced by each human camera-wearer’s manual

object manipulations.

Figure 4.1: The 8 viewpoints used in our full resolution human performance benchmark
experiment. This figure only shows 6 viewpoints since the front and back view are roughly
overlapped to each other for the rzplus and rxplus videos.

We expected some viewpoints such as the bottom view of car and truck or the side
view of mug and cup may bring object recognition confusions as shown in Figure In
particular, some objects may look very similar to each other in some particular perspective
even though they are from different categories.

The second experiment is to compare the object recognition performance between deep
learning models and humans, and therefore the images used here were cropped in square

images with resolution 128 x 128. The bounding boxes are in 1FPS, approximately 30
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Car or Truck? Ball or Cup? Cup or Mug?

Answers from Canonical View

Figure 4.2: Objects from different categories could look similar to each other from par-
ticular viewpoints. Q1, Q2, and Q3 provide examples of the confusing viewpoints of the
objects from different categories, and Al, A2, and A3 show how these objects could be
easily recognized from other viewpoints.

degree rotation per frame, and are tight boxes. Hence, we implemented a small snippet to
convert them into squares while keeping the object in the center.

Also different camera-wearers originally recorded the videos at different lengths, among
which the shortest one has length 18 seconds. Thus, this shortest video will have 18 cropped
images. For longer videos, we uniformly sampled 18 timestamps and chose the cropped
images that are the closest to these timestamps. We now also include the rzminus/rxminus

rotations to collect more data points.
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4.4 Experiments and Results
4.4.1 Experiment 1. Human performance of the full resolution Toybox dataset

In this experiment, the images for testing contain 12 categories x 30 objects per cate-
gory X 8 viewpoints per object = 2880 images.

To ensure the same worker will not see the same object from a different viewpoint (if
the worker can, the recognition may not be solely based on the current image but some
features she or he remembered from other viewpoints), we didn’t publish all 2880 images
on MTurk all together. Instead, we divided 8 viewpoints into 8 batches, published them in
sequence, and blocked all workers who have participated in previous batches from taking
part on the next one. Also, we did 3 rounds of 8 batches to cover potential recognition bias
or occasional mis-selections.

The questionnaire we published to workers is a multiple choice question with 13 choices
for 1 answer. The left panel shows the full resolution image and the choices located at the
right bar including 12 Toybox categories, ball, spoon, mug, cup, giraffe, horse, cat, duck,
helicopter, airplane, truck, and car, and a “none of the above” option.

The results contain the object recognition information in different levels, i.e., which
category, object, and viewpoint the image is, and in all 3 rounds, what the recognized
categories are from the crowdsourcing workers.

Category Level Analysis. First, we will analyze the category level results.

Three rounds of object recognition from humans result in 2880 x 3 = 8640 recogni-
tion data points, and the maximum value to get everything correct for a category is 8640
$12=720.

Figure 4.3 shows the confusion matrix of the sum of all data points, in which we sorted
the true label and human label by Toybox super-categories, i.e., the first four rows are
household categories, the middle four rows are animal categories, and the bottom four

rows are vehicle categories with an additional row of none-of-the-above at the end.
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Human Performance Sum Acc 0.945949
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Figure 4.3: The confusion matrix of the sum of all human object recognition data points.
The y-axis is the true label and the x-axis is the human label. Toybox by itself doesn’t
have the “none of the above” category but we allow workers to make this prediction if they
choose. Color in a cell encodes how many correct recognitions happened in the associated
true label and human label.

The overall accuracy is 0.945949 and we found some additional interesting patterns.
First, categories in the same super-category are easier to get confused to each other, such as
mug vs cup, giraffe vs horse, cat vs duck, helicopter vs airplane, and truck vs car, as most
of the confusions are distributed near the main diagonal.

To investigate why these confusions happened for humans, we will get into the object
level and viewpoint level analysis for the full resolution Toybox benchmark.

Object Level Analysis. Results from the object level analysis are shown in Figure

We sorted each row such that the objects that got fewer correct recognitions will be put in
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the beginning, and the last column is the average value across all 30 objects in that category.

Different categories show different patterns; for example, for the car category, there is
one object that got a very limited number of correct recognitions, but the rest got recognized
very well. This is a surprising pattern to us, since if we think about the bottom view example
for car and truck in Figure 4.2] we expected this viewpoint confusion would happen for
most of the car objects, but this did not turn out to be the case.

Human Performance Object Level - Value is the Correct Sum of 3 Rounds * 8 Rotation Views

airplane [REAUNFIEFAREFIREVAREPARE-F By By By BV BV PAVEE 23 23 23 23 23 23 23 23 23 24 24 24 24 24 24 24 A

-24
ball 23 23 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 239

car 23 23 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 24 232

cat P& 23 23 23 23 24 24 24 24 24 24 24 24 24 24 b 22

cup 23 23 23 23 23 23 23 23 23 24 24 24 24 24 ph

T
-g duck & 23 24 24 24 24 24 24 24 24 24 24 24 24 24 M8
- 20
2 giraffe 23 23 23 23 24 24 24 24 24 24 24 24 24 24 24 24 24 24
'_
helicopter 24 24 24 24 24 24 24 24 24 24 235
horse 24 24 24 235 18

mug

23 24 24 24229

spoon 23 23 23 23 23 24 24 24 24 24 24 24

truck 23 23 23 23 23 23 24 24 M4 24 24 24 24 24 4 24 24 24 24 24 24 24232

1 2 3 4 5 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 avg
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Figure 4.4: The object level analysis of the sum of all human object recognition data points.
The y-axis is the true label, and the x-axis is the object indicator. Note the object indicator
is not the object number we pre-assigned in the Toybox dataset, because we have sorted the
values in each row for better visualization. The value in each cell is the sum of the number
of correct recognitions from all 3 rounds and 8 views. Color encodes how many correct
recognitions were obtained for that particular object.

However, viewpoint confusion is not the main reason for the misclassification of the
car category. Therefore, we then examined our viewpoint estimation procedures for cars in
Toybox for those frames we expected to be the bottom view, i.e., how we chose the Toybox
images to use in our benchmark experiments. As shown in Figure .5] for the 30 objects
we have in the Toybox dataset, 11 of them from our estimation are the true bottom-facing

views marked by the white txt at the bottom right. However, humans seem still recognize
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Figure 4.5: A sanity check for the viewpoint estimation in Toybox, used to select specific
images for use in our benchmark experiments. The true bottom views are marked by the
white text at bottom right.
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most of these 11 bottom-facing views successfully.

One potential explanation could be that even though the bottom views of car and truck
are very similar to each other, the number of wheels, the chassis’ length, etc., can still
provide enough information for humans to make correct recognition decisions.

After the viewpoint sanity check, we confirmed that some object-level recognition dif-
ficulties exist in the Toybox dataset, as Figure 4.6] shows the objects that got most misclas-
sified. The car that only got 8 correct recognitions is very “cartoony” with eyes, tails, and
tiger skin. Other difficult objects in Toybox include a short neck giraffe, a duck with hair,
etc. These difficult objects are, we believe, one main reason for human misclassifications.

Viewpoint Level Analysis. In the viewpoint level analysis, since we have identified
the difficult objects above, we will remove them to focus on the error patterns more on the
viewpoint level.

Figure 4.7 shows all the images that no one recognized correctly (i.e. 0 out of 3 cor-
rect recognitions per image), including the bottom view of toy animals because it is just a

flattened base, the side view of mugs because the handle has been hidden behind the body,



airplane: 20

nota: 1 truck: 15
car: 1 car: 8
helicopter: 2 nota: 1

nota: 9 helicopter: 19
duck: 20: giraffe: 8 truck: 2
nota: 4 horse: 7 nota: 3

horse: 20 cup: 7
nota: 3 mug: 16 truck: 19
cat: 1 giraffe: 1 car: 5

Figure 4.6: The objects that got most misclassified for human recognition. The white text
at the bottom right annotates the recognition results (nota meaning none of the above.)

N
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glrafiehgiiote BC -

Figure 4.7: The viewpoints that no one recognized correctly, out of three crowdsourcing
workers. The white text at the bottom right annotates the true label and the majority vote
of human labels (ties broken at random.)

and the side view of spoons because the spoon becomes so tiny.
This ends the full resolution object recognition benchmark for the Toybox dataset. We
identified some very interesting category-, object-, and viewpoint- level error patterns, and

overall humans achieved 0.945949 accuracy.

4.4.2 Experiment 2. Deep learning models vs humans benchmark

In this experiment, we used the rxplus/rxminus and rzplus/rzminus rotation videos in

the Toybox dataset, and we also included 4 different zoom-in ratios as in Figure @
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Figure 4.8: 4 different zoom-in ratios in the deep learning models vs humans benchmark
of the Toybox dataset. Each row is a different object and each column is a different ratio
from 100, 75, 50, to 25.

We published different zoom-in ratios sequentially again to isolate workers between
ratios, so that each batch of an individual ratio will have 12 categories x 3 testing objects
per category X 4 rotations per object x 18 viewpoints per rotation = 2592 total images.

Toybox has 30 objects per category in total, so we carefully chose 3 objects per category
as the testing dataset to cover object diversity. The other 27 objects are the training dataset
to train deep learning models.

The networks in our experiments are classic architectures that were on the leader board
for the ImageNet [16] benchmark: ResNet-50 [[152]], ResNeXT-50 [[153]], Inception-v3 [147],
DenseNet-121 [[154], and VGG-13 [155].

The hyper-parameters are all the same: batch size 64, epoch 100, learning rate Se~>
with 0.5 times decay every 10 epochs, and Adam [156] optimizer with betas = (0.9,0.999)
and eps = le” 8. Normalization was applied to input images but no other data augmen-

tation was performed. Since some networks require a larger input, we resized the images
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from 128 x 128 to 299 x 299 using bicubic interpolation. Also we included both the non-
pretrained and ImageNet-pretrained version for each network.

Therefore, the deep learning models vs humans benchmark finally consists of 2 rota-
tions (rxplus/rxminus and rzplus/rxminus separately) x 4 ratios = 8§ subsets of experiments.
We use rxplus/rxminus rotation to illustrate the general findings and then give a summary
for both at the end.

Model level analysis. Figure [4.9] shows the accuracy comparison for non-pretrained

neural networks, pretrained neural networks, and humans.
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Figure 4.9: The deep learning models vs humans benchmark on the rx rotation images in
the Toybox dataset. The y-axis is accuracy. The x-axis is the recognition model where the
first 5 are non-pretrained models, the middle 5 are pretrained models, and the last one is
humans. Color encodes the zoom-ratios as shown in the legend.
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Some key observations from this result.

Training from scratch on Toybox is a challenging task for these classic deep learning
models, suggesting that the way how infants may learn from this world, i.e. with ego-
centric, instance-limited, and viewpoint-rich inputs, is not a trivial learning environment
for deep learning models, i.e., Toybox, as a dataset having developmental properties, is a
challenging dataset for current deep learning models.

For ratio 100, pretraining on ImageNet helped a lot for the object recognition task in
Toybox. Some explanations could be that 1) the kernel quality pre-built from the large-
scale datasets are much higher than training from scratch as shown in Figure [@4.10] and
2) the large-scale setup of ImageNet (~1000 categories and ~1000 objects per category)
brings more variances in the category level and object level that could be more helpful to

train deep models than the variance mainly in the viewpoint level.
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Figure 4.10: The visualization of the first layer convolutional kernels. Figure A shows
the kernels from the non-pretrained ResNeXt50 and Figure B shows the kernels from the
pretrained ResNext50.

However, even though the ImageNet-pretrained models improve the performance a lot
comparing to the non-pretrained models, the deep learning models performance is still

at least 10 percent below the human performance, and importantly, pretraining is not the
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developmental trajectory we are looking for. Specifically, the developmental trajectory
should be similar to how infants are learning object recognition. They first get trained on
dataset like Toybox from densely sampled egocentric viewpoints of a few objects [118, 4],
and then learn new objects in a nearly one-shot learning fashion [157,[158,(159], rather than
first get trained on large-scale datasets with high category and object variance and then get
trained and tested on a few objects with extensive viewpoints.

If we compare the performance between deep learning models and humans for zoom-in
ratio 25 where the texture features are the main visual clues and zoom-in ratio 100 where
the shape features are the main visual clues, we could observe an important performance
difference between them. On the texture side, all the pretrained models and even some
of the non-pretrained models outperform humans, for example, the best pretrained model
ResNeXt50 achieved accuracy 0.604 and humans just achieved accuracy 0.451. But once
moving to the shape side, the recognition accuracy of humans increases dramatically from
0.451 to 0.976 (0.525 improvement) but the accuracy of the pretrained ResNeXt50 just
increases from 0.604 to 0.874 (0.274 improvement), so that the performance of humans
is biased on the shape side but the performance of deep learning models is biased on the
texture side.

Some literature has investigated this scenario as the shape bias for humans [160, 161,
162] and the texture bias for deep learning models [[163]. Geirhos [[163] ef al. found that in
the test stage for a full-ImageNet-pretrained and 16-class-ImageNet [164] retrained neural
network such as AlexNet [165], when the textures and the shapes are giving conflicting
clues for the object recognition, e.g., a cat shape with an elephant texture, the neural net-
works will prefer to make decision based on the texture information, e.g., recognize the
image as an elephant in this case.

Category level analysis. To get into the category level analysis, we chose the best
pretrained models, the ResNeXt50 and its non-pretrained version for comparison, and we

focus on the zoom-in ratio of 100. At this zoom-in ratio, i.e., when the shape information
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is clear to be observed by humans, humans performance dominates the best deep learning
models by around 10 percent in accuracy.

Figure|.11|shows the confusion matrix comparison among the no-pretraining ResNeXt50,
the pretrained ResNeXt50, and humans in the category level. Again, all of them show a

pattern of confusions for categories mainly inside the same super-categories.
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Figure 4.11: The confusion matrix comparison for object recognition at zoom-in ratio 100
among the non-pretrained ResNeXt50, pretrained ResNeXt50, and humans.

Whether the deep learning models and humans make incorrect recognitions for similar
reasons will be investigated in the object level analysis below.

Object Level Analysis. Figure #4.12| shows the object level analysis for the same
three models again. The non-pretrained ResNeXt gets confused for most of the animals,
whereas the pretrained ResNeXt has difficulties on just a few difficult animals, as shown in
Figure 4.13] The reasons for these patterns may be that these objects were too large to be
captured properly inside the camera field of view, or because some of the objects are quite
“cartoony.”

We noticed an interesting difference between pretrained ResNeXt50 and humans: the
difficult objects seem to be the main reasons for the incorrect recognitions for the pretrained
models, whereas humans are much more robust to the difficult objects but tend to make
more errors at the viewpoint level.

Viewpoint Level Analysis. To better reveal the viewpoint level patterns, we have also
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Nonpre ResNeXt50 32x4d Acc 0.502315 Pre ResNeXt50_32x4d Acc 0.874228 Human Acc 0.976080
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cup 36 36 35.3 32 36 36 34.7 o5
o giraffe 35 36 34.3 34 35 36 35.0
E horse 28 36 23.0 36 36 36 36.0 20
o cat 31 35 26.3 32 36 36 34.7 15
= duck 30 33 23.0 34 35 36 35.0
helicopter 35 36 34.7 34 35 36 35.0 10
airplane 32 36 33.0 35 36 36 35.7
truck 28 34 28.3 33 35 35 34.3 -5
car 36 36 33.0 34 35 36 35.0
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Object Indicator (Not the Object Number We Pre-Assigned Because of Sorting)

Figure 4.12: The object level analysis for the object recognition at zoom-in ratio 100 among
the non-pretrained ResNeXt50, pretrained ResNeXt50, and humans.

Figure 4.13: The animal objects on which the pretrained ResNeXt made a lot of incorrect
recognitions.

first removed those difficult objects for deep learning models. Since humans are robust no
matter which objects they recognized, we keep all three testing objects for humans in the
viewpoint level analysis.

The viewpoints of each image are now manually aligned for 9 settled viewpoints from
the two full rotations of the front — top — back — bottom — front viewpoints, and since
we have both the rxplus and rxminus rotations, we finally got 9 x 2 = 18 viewpoint aligned
images per object.

Since the viewpoint is more accurate now, we only have 2 testing objects per category
and 2 rotations per object for the viewpoint analysis for the deep learning models, that is, 4
data points per category per viewpoint. Humans have 3 testing objects per category, so we
have 6 data points per category per viewpoint as shown in Figure §.14]

The interesting pattern shown in this figure is that, in the viewpoint level, deep learning
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Figure 4.14: Viewpoint analysis for the non-pretrined ResNeXt50, pretrained ResNeXt50
and humans. The y-axis is the true label and the x-axis is the rotating degree. The value in
each cell is the test accuracy. Color encodes the accuracy value.

models tend to keep making errors on the same difficult viewpoints, whereas incorrect
recognitions that humans made are spread more across different viewpoints.

Figure[4.15|shows examples of the misclassified viewpoints of the non-pretrained ResNeXt50,
pretrained ResNeXt50, and humans.

We found the shape vs texture bias again in this viewpoint level analysis, as the pre-
trained ResNeXt50 recognized a horse with a giraffe-skin saddle as a giraffe, whereas

humans recognized a short neck giraffe as a horse.

4.5 Conclusion

In this Chapter, I designed, implemented, and analyzed a benchmark for human perfor-
mance on the full-resolution Toybox dataset, and also performed a comparison in recogni-
tion performance among non-pretrained networks, pretrained networks, and humans, orga-
nized by the hierarchical structure of the Toybox dataset. Rz rotations have similar results
as rx rotations so we will summarize the findings together in this section.

The benchmark of the object recognition task on the Toybox dataset between classic
deep learning models and humans were conducted in different levels, i.e., category, object,

and viewpoint. By analyzing the performance differences in these different levels, I found
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Figure 4.15: The incorrect recognition examples mainly because of the viewpoint confu-
sions for the non-pretrained ResNeXt50, pretrained ResNeXt50, and humans.

that training from scratch on the Toybox dataset for deep learning models is a non-trivial
task, such that these non-pretrained models can just achieve accuracies around 50%-60%.
Also difficult objects seem to affect the deep learning models a lot, whereas humans seem
to have more confusion for the difficult viewpoints.

This benchmark reveals an important research question on how we could improve deep
learning models in a developmental approach, with no pretraining on large-scale dataset

and no data augmentation, but just the Toybox dataset itself.
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Chapter 5

Utilizing Temporal Consistency to Interpret Neural Networks

5.1 The Research Question

The Toybox dataset has an interesting property of spatiotemporal continuity, i.e., at any
timestamp the current frame is just slightly different from the previous frame so that if we
plot the activation value changing of each pixel, the curve will form a continuous signal in
the temporal domain.

The primary research questions addressed in this chapter are: 1) how can we use this
property of spatiotemporal continuity in a dataset to quantify relationships in activation
between input neurons and hidden neurons in a neural network? We refer to the existence
of these relationships as temporal consistency within a network. And 2) how can we utilize

this temporal consistency to enhance the interpretability of hidden neurons?

5.2 Introduction

The interpretability of deep neural networks is an important research question from
many perspectives such as whether we could trust a black-box model or not, what the
reason is a model might make a particular decision, and how to make the decision process
transparent for practical domains such as credit review or health diagnosis. In the computer
vision domain, we also want interpretability in order to understand what is being learned,
and how visual information is extracted and propagated through different layers of neural
networks, including how information is gained, lost, or modified along the way.

In addition to the many neural network interpretation methods mentioned in the re-
lated work Chapter [2} such as Activation Maximization [120] and Deconvolutional Net-
works [121} [122], we developed a new approach that relies on examining how the latent

neurons inside regular feedforward neural networks change while the networks are getting
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Figure 5.1: Diagram showing how the oscillation of neurons in the input space can be prop-
agated through neural networks to the latent neurons. We refer to this property as temporal
consistency: at any timestamp for a static input, the entire network will be activated ac-
cording to the current input, and so inputs with spatiotemporal structure should also lead to
hidden layer activations with corresponding spatiotemporal structure.

continuous inputs. If we can identify relationships between the latent neurons and input
neurons in terms of how their activations are changing, we may get some idea about what
these latent neurons represent.

This is where the Toybox dataset’s spatiotemporal continuity property plays a role, such
that we can let a trained neural network watch a continuous video from the Toybox dataset
and meanwhile monitor how hidden neurons change in this situation.

Figure [5.1] shows how the input neurons and latent neurons could potentially exhibit
temporal consistency. At any static timestep, the latent neurons will be activated according
to the activations of the current input neurons, and thus the continuous pattern produced by
these input neurons might be propagated to the latent space, such that we might observe

some temporal correlations between neurons from different layers.
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5.3 Methodology

Our temporal-consistency-based analysis may be applicable to many types of neural
networks; however, in the scope of this dissertation, we will mainly focus on convolutional
neural networks (CNNs).

To establish spatiotemporal continuity in the input space, we may either manually add
continuous perturbations to static datasets or directly use datasets that have intrinsic con-
tinuity. Since continuity is an intrinsic property of humans’ visual experience and under
the scope of this dissertation to bring the naturalistic visual stimuli to the realm of deep
learning models, we leverage the Toybox dataset as a tool for conducting our temporal
consistency analyses.

Our method is designed as a post-hoc explanatory approach such that the object recog-
nition models have already been trained, and we want to interpret what the models have
learned. In comparison, there is another camp to interpret models by making the mod-
els self-explanatory ante-hoc. Existing work on post-hoc and ante-hoc interpretability of
machine learning models can be found in recent surveys [[166, [167]]

In our approach, we use continuous inputs such as the rotating Toybox videos to inves-
tigate the temporal consistency between the latent neurons and inputs.

Our key insight is this: the temporal patterns of both the input neurons and latent
neurons can be converted to the frequency domain, which enables analysis via ampli-
tude and frequency comparisons.

Figure demonstrates how a neuron in any representing space could be converted to
the frequency domain through a fast Fourier transform (FFT). The left figure is a stack of
images based on the temporal sequence. The figure in the middle shows how the activation
of a single neuron would fluctuate in the temporal domain. The figure on the right shows
how the temporal signal could be converted to the frequency domain for further analyses
of of amplitude and frequency.

Neurons in different locations within a single layer may present different fluctuating
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patterns. For example, if a network is viewing a video of a rotating car, some neurons cor-
responding to background regions may stay silenced, some neurons in the car’s main body
may keep firing, and some neurons in the car’s front may fluctuate periodically depending

on when the front is in view.
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Figure 5.2: The left figure shows how a neuron in a representing space would fluctuate
along with the continuity of the inputs. The middle figure shows an example plot for the
neuron’s activation as a function of time. The right figure shows the frequency pattern of
this example neuron.

If some latent neurons have higher amplitudes than others in particular frequencies
while watching a specific rotating input, these latent neurons might be more sensitive to the
recognition of the current category. In order to further examine such a category-level in-
terpretation, we conducted pruning experiments to evaluate the magnitude of contributions
produced by these “highly responsible” neurons towards recognition performance.

In particular, the latent neurons that are identified as the main contributors according to
the above procedure are sequentially pruned out based on their oscillating amplitudes. We
then test the pruned neural network on the entire testing set to observe how the activations
of the output neurons change on objects from different categories. If these neurons are
indeed the main contributors for the category of the rotating object we used in the temporal
consistency step, the output neuron for the corresponding category should be suppressed

significantly.
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5.4 Experiments and Results

To examine our temporal consistency methodology for post-hoc neural network inter-
pretation, we retrained an ImageNet-pretrained Inception-v3 [32] on the Toybox dataset.
Based on different retraining schemes, the experiments were conducted in two conditions,
one with retraining on the full resolution Toybox dataset, such that all the off-white wall
backgrounds and hand poses are included, as described in in Section [5.4.1] and the other
with retraining on the square cropped Toybox dataset such that the objects are well cen-
tered and the occupancy of backgrounds is very limited, as described in Section The
retraining details can be found in each section for these two experiments.

Figure[5.3]shows the layers for which we examine temporal consistency: the input layer,
the last hidden layer (which we refer to as the bottleneck layer in the rest of this chapter),
and the output layer. We expect that our methods could be expanded to investigate other

layers of a neural network as well.

Input Last Hidden Output
Layer Layer Layer

L] ] )

"
Convolution
AvgPool
MaxPool
Concat
Dropout
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Figure 5.3: The layers of the Inception-v3 network that we focus on in our temporal con-
sistency interpretation experiments.
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5.4.1 Utilizing temporal consistency on full resolution Toybox and examining the pruning

effect on ImageNet

In this experiment, the final output layer was retrained on full resolution Toybox data
with 1100 images per category randomly selected across all Toybox objects and transfor-
mations.

For the pruning examination, we collected 100 images per category from ImageNet that
are in the same 12 categories as Toybox to test the generalizability of the representations
we identified for the bottleneck neurons; that is, we trained Inception-v3 on Toybox but
tested on ImageNet.
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Figure 5.4: A novel method to identify neurons that correlate with a rotating object using
our Toybox video dataset. A. Temporal raster plot of neural activations in the final hidden
layer of the pretrained Inception v3 network while “watching” a rotating mug. Each row
shows an individual neuron, and the x-axis depicts time/rotation. B. The same neurons
sorted based on their FFT amplitude from high (top) to low (bottom). Note the stripe
pattern on the top half of the plot showing strong periodicity. C. Four different types of
neurons identified using this method. D. Comparison of FFT analysis of mug, cup, and car,
showing top 10 neurons after FFT amplitude sorting.

Quantifying neuron temporal activation profiles. We began by studying the “tempo-

ral” activation profiles of neurons in the last hidden layer of the Inception network, while
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the network is receiving a sequence of Toybox input images depicting a mug rotating along
the z(+) axis for two full cycles. Figure 5.4 shows visualizations of these activations.

In particular, Figure [5.4]A depicts the activations over time of all 2048 neurons in the
final hidden layer of the network. Each row shows the activations of an individual neuron
(unsorted in this subfigure), and the x-axis indicates time, which also approximates the
rotation degree of the mug. (This visualization method is adapted from the temporal raster
plots used in neural physiology research.) The various neuron “firing patterns” are clearly
heterogeneous: some neurons are constantly firing throughout the two rotation cycles, some
remain silenced, and some fluctuate as the mug rotates.

To differentiate these neuron types, we applied a Fast Fourier Transformation (FFT) to
the activation of each neuron over the two rotation cycles. To capture general viewpoint
trends, we focused our FFT analysis on a frequency of 4 (i.e., four cycles within the 20-
second long Toybox video that contains two complete rotations). We then sorted the 2048
neurons shown in Figure based on their FFT amplitude at the frequency of 4—Ilarger
amplitudes indicate more robust oscillations. Figure[5.4B shows a visualization of the same
neurons but sorted (top-to-bottom) by their FFT amplitudes.

Since FFT analysis also returns the phase information (positive phase correlates with
handle presence, negative phase correlates with handle absent in this case), we were able
to identify four different types of neurons based on their activation profiles. Examples of
these four types are shown in Figure [5.4[C and also in Supplementary Video 2: (1) neurons
that fire when the mug handle is present (blue line); (2) neurons that fire when the mug
handle is behind or in front of the mug body (yellow line); (3) neurons that fire throughout
the video clip (black line); and (4) neurons that do not fire at all (green line, these neurons
presumably do not contribute to the representation of the mug).

We also tested this FFT analysis method on objects from other categories using our
Toybox videos. As shown in Figure[5.4D, the ability to identify robust oscillating neurons

mainly depends on the degree of asymmetry of the object along the z-axis. For instance,
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we were able to identify neurons with more robust oscillation for a mug and a car than for

a cup (which is symmetric along the z-axis).
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Figure 5.5: Effects of silencing hidden layer neurons on output layer activations, averaged
over 100 images per category from ImageNet-sourced testing set. A. Silencing top N neu-
rons based on FFT amplitude sorting leads to a much steeper reduction in normalized logit
value of the mug output neuron. The blue line shows the reduction rate of silencing N
randomly selected neurons as a control. B. Similar to A, showing softmax values instead
of logit values. C. Silencing mug-preferred neurons (MPNs) has a similar effect on the
logit value of the cup output neuron but has no effect on that of the car output neuron. D.
Zoomed-in plot of softmax values, showing that silencing the top ~20 neurons decreases
mug prediction confidence while increasing cup prediction confidence, consistent with the
fact that the majority of these neurons correlate with the presence of the mug handle.

Effects of neuron silencing. To investigate the implicit representations of the various
types of neurons identified above, we performed a neuron silencing/lesion experiment by
selectively “zeroing out” the activations of certain neurons in the last hidden layer, and
then observing effects on recognition performance. Figure [5.5] shows results from these
experiments, where the logit and softmax values for particular output neurons are shown as
averages over 100 images from various categories in the ImageNet-based testing set.

First, for testing images from the mug category, we silenced N neurons (N varying from
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0 to 2048) in the last hidden layer and examined the changes of both logit and softmax
values of the mug neuron in the output layer. As shown in Figure[5.5]A, silencing 0 of these
hidden layer neurons has no effect, while silencing all 2048 neurons reduces the normalized
logit value of the mug neuron to 0. Randomly silencing a subset of N neurons leads to a
linear reduction of the logit value with respect to N. However, if we silence neurons based
on the FFT amplitude sorting as shown in Figure (i.e., first silencing the neuron with
the highest FFT amplitude, then the top two, then top three, and so on), we observed a
much steeper drop in mug logit value at the beginning. After ~700 neurons, silencing
has no more reduction effect on the mug logit value. Similar effects can be seen with
the softmax value of the mug neuron (Figure [5.5B). In a sense, by selecting neurons with
highest FFT amplitude, we can identify what we call mug-preferred neurons (MPNs).

To examine the specificity of these MPNs, we tested the silencing effect on cup and
car output neurons. Silencing the top MPNs has a significant impact on the logit value
of the cup neuron (Figure [5.5[C). This is not surprising given that a mug and a cup share
many common features. However, the zoomed in softmax plot shows that silencing the
top ~20 MPNs slightly increases the softmax value of the cup output neuron, which is
consistent with the fact that most of these neurons fire when the handle is present (Figure
[5.5D and Supplementary Video 2). In other words, these neurons might be contributing to
the difference between a mug and a cup.

In contrast, silencing the top MPNs has almost no effect on the car output neuron (Fig-
ure [5.5[C). In fact, the effect of silencing MPNs is almost identical to that of silencing
random neurons (dotted grey line in[5.5[C, see also[5.5A blue line).

These experiments showed that the MPNs contribute significantly to mug identity and
much less to the identity of other categories like car. A small portion of the MPNs may
be coding the handle feature to differentiate a mug from a cup. Interestingly, although
silencing one or a few neurons that are most prominent does decrease the input value to

a specific output neuron, there is a significant amount of recognition value that remains.
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This result confirms that object features do not seem to be represented by a single or few

neurons, but rather by an ensemble of neurons.

5.4.2 Utilizing temporal consistency and examining the pruning effect on square cropped

Toybox

The inputs are now the square cropped images of Toybox in the rxplus/rxminus, rz-
plus/rzminus videos (ryplus/ryminus is an in-plane rotation in which the viewpoint doesn’t
change very much). The definition of these rotations can be found in the rotation terminol-
ogy Section[3.5.5]in the Toybox dataset Chapter[3). The cropped images have the resolution
299 x 299 x 3. We will again use the abbreviations of rx for rxplus/rxminus rotations and
rz for rzplus/rzminus rotations in the Toybox dataset in the rest of this chapter.

For this experiment, we retrained ImageNet-pretrained Inception-v3 networks, one us-
ing the rx rotations only and the other one using the rz rotations only, so these two networks
should have different viewpoint sensitivity. For each network, the training dataset contains
12 categories x 27 objects per category X 2 rotations per object X 18 viewpoints per
rotation = 11664 images in total. To test the bottleneck pruning effect, we will use the
remaining 3 objects with the same data setup.

The rx retrained network achieved 0.871142 accuracy on the testing dataset and the rz
retrained network achieved 0.859568 accuracy on the testing dataset, so we believed the
quality of the latent representations is good enough to support our experiment.

We first use the rz network as an example to illustrate the interpretation process, and
then we show the interpretation results in a more holistic view for both neural networks.

The Temporal Consistency Between Input and Latent Neurons. We chose the am-
plitude at frequency of 4 as the main index to sort latent neurons while they are watching
rotation videos. A frequency of 4 means that some features appeared 4 times in the entire
video. Recall that Toybox has 2 revolutions per video, so this frequency points to those

features repeated every 180 degrees. Because of the symmetry of many of the objects in
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Toybox, if a feature only exist at one side of the object, it will have frequency of 4, for
example, the tail of a horse, the head of a car, or the handle of a mug. For example, mug
handles are most in view in “profile,” and then handle appears once on either side of a mug
during a single rotation.

To identify which input neurons have higher amplitudes at a frequency of 4, we con-
verted the RGB images into gray images by averaging three channels together, so a unique
pixel position will only have one value. The input size is 299 x 299 x 1, and so this finally
becomes 89401 neurons compared to the 2048 neurons in the bottleneck layer.

Figure [5.6] shows the temporal consistency analysis of an rzplus rotating mug. The
handle of the mug and the hands are highlighted in the heatmap. Two observations arise
from this figure. First, the hand pose may contribute to the category prediction as well as
the object itself. Second, the top 10 latent neurons at a frequency of 4 do not have frequency
of 4 as the maximum, even though they already had higher amplitudes than other neurons.
This suggests that these top 10 latent neurons may be responsible for features in other
frequencies in the input space at the same time.

Pruning Effects.

Figure[5.7]shows the pruning effects while we are pruning bottleneck neurons according
to the amplitude descending sequence of all the mug objects.

Mathematically, we showed all 27 rzplus rotating mug objects in the training dataset
to the neural network, so that we had a matrix of 27 x 18 x 2048 to record the bottleneck
neuron activations of 27 objects, 18 viewpoints, and 2048 neurons. Then, we averaged
these activations over the object axis so we would have a matrix of 18 x 2048 to indicate the
average activation in the mug category. Next, we converted each neuron to the frequency
domain which still gave us an 18 x 2048 matrix; however, each row now represents the
amplitude at that row’s frequency now.

We then picked the 4th row for frequency of 4 which gave us a 1 x 2048 matrix, and

now each element in this matrix represented the amplitude at frequency of 4 for the neuron
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Figure 5.6: A figure to demonstrate the temporal consistency analysis. Figure A shows the
amplitude heatmap of frequency of 4 for a rotating mug. Regarding frequency of 4, Figure
B shows the location of the top 1000 neurons; Figure C shows the average activation of the
top 1000 input neurons and top 10 bottleneck neurons in the temporal domain; and Figure
D shows the same top neurons in the frequency domain.

in its column. Finally, we sorted these 2048 neurons according to the amplitude value in
this 1 x 2048 matrix.

The pruning then happens while the neural network is recognizing objects in the testing
dataset. After pruning bottleneck neurons in this mug sequence, we found that the effect
was mainly applied to the mug output neuron. If you scan the 12 sub-figures in Figure[5.7}
while we are testing other categories, the neuron activation will just decrease linearly, simi-
lar to just pruning neurons in a random sequence as in Figure[5.8] but for the mug category,
it decreases exponentially.

This indicates that the neurons we identified using our FFT analysis indeed contribute
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Mug Rzplus Train Dataset FFT Sequence Pruning Effect for Different Input Categories in Test Dataset
Y-axis Neuron Activation, X-axis Number of Neurons Pruned
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Figure 5.7: The effect of pruning bottleneck neurons according to the amplitude descending
sequence while the neural network is watching all the rzplus rotating objects in the mug
category. The pruning sequence is the same across sub-figures but different sub-figures get
inputs from different categories. The y-axis is the output neuron activation and the x-axis
is the number of neurons pruned.

significantly to the recognition of mugs in comparison to other categories.

The Holistic View of the Bottleneck Neurons.

Figure [5.9) shows the holistic view of the amplitude sequence in each category for all
bottleneck neurons. We noticed that the main recognition contributions seem from a small
group of neurons, as those neurons on the left end are constantly oscillating across cate-
gories.

Therefore, to verify the contribution identified by our temporal consistency method, we

tried to only use those top-n neurons to make predictions, and the results in Figure [5.10]
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Random Sequence Pruning Effect for Different Input Categories in Test Dataset
Y-axis Neuron Activation, X-axis Number of Neurons Pruned
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Figure 5.8: The effect of pruning bottleneck neurons according to some random sequence.
Each sub-figure is for inputs from different categories. The y-axis is the output neuron
activation and the x-axis is the number of neurons pruned.

further supported our interpretations.

For the rz rotation experiment, only using the top 16 neurons in each category with 190
neurons in total (the total is not 12 x 16 = 192 because that one neuron may contribute
to multiple categories as illustrated above), we achieved 0.8735 accuracy which is even
higher than the usage of all neurons. This small group of neurons dominated the recognition
activation under the current model and dataset environment. Similarly, for the rx rotation
experiment, only using the top 65 neurons in each category with total 646 neurons can also

achieve 0.8657 accuracy.
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5.5 Conclusion

We showed how temporal consistency can be quantified in neural networks by leverag-
ing the spatiotemporal properties in the Toybox dataset, and how these observed relation-
ships can be used to help interpret category-level representations in the latent (hidden layer
neuron) space.

The neurons identified by our methods are a small group of neurons that dominate
object recognition for the category they represent for, i.e., the main contributors for the
object recognition of the category that they are primarily responsible for in the temporal

consistency analysis.
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Figure 5.9: The top figure is for rzplus rotation amplitude sequence and the bottom figure is
for the rxplus rotating amplitude sequence. The y-axis is the category and the x-axis is the
bottleneck neuron sorted by the average amplitude across all categories by the amplitude
at frequency of 4 for all rotating objects in each category in the bottleneck layer. The color
encodes the sequence.
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Figure 5.10: The top figure is for rzplus rotation amplitude sequence and the bottom figure
is for the rxplus rotating amplitude sequence. In each amplitude sequence, the left and right
figures are from the same results where the right figure is a top 700 neurons zoom in. The
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Top Neuron Contribution to the Test Accuracy in Inception V3
Identified by the FFT Amplitude of Rotation Rzplus and Frequency of 4

All Neurons

0.6

0.5 4

0.4

T
- N
~l (=]
w (=]
o o
in Use

F 1500

F 1250

F 1000

F 750

500

F250

Total Number of Last Hidden Neurons

Fo

1 250 500

1000

1500

2000

Number of Top Oscillating Neurons of Each Category in Use

Test Dataset Accuracy

Top 700 Neurons Zoom In

0.8580 -
0.8000

0.7000 -
0.6000 -
0.5000 -
0.4000 -

0.3000 -

82866 1

r

(Max Acc 0.8735 - Top 16 - Total 190)

F 2000

r 1500

r 1000

500

o

150 150 250 350 450 550

650

Number of Top Oscillating Neurons of Each Category in Use

Top Neuron Contribution to the Test Accuracy in Inception V3
Identified by the FFT Amplitude of Rotation Rxplus and Frequency of 4

All Neurons

0.6

0.5 1

0.4

T
(= (8]
~l o
w o
(=] o
in Use

F 1500

F 1250

[ 1000

500

F250

Total Number of Last Hidden Neurons

Fo

1 250 500

1000

1500

2000

Number of Top Oscillating Neurons of Each Category in Use

Test Dataset Accuracy

Top 700 Neurons Zoom In

0.8611 -
0.8000 1

0.7000 -

0.6000

0.5000 -

0.4000 +

0.3000 -

0.2000 4
0.1728 -

—

(Max Acc 0.8657 - Top 65 - Total 646)

F 2000

r 1500

r 1000

F 500

Fo

i 5;3 lSIO 25‘&0 35‘-0 4.‘;0 55‘0

650

Number of Top Oscillating Neurons of Each Category in Use

The yellow bar indicates where the network achieved the highest accuracy.

82

Total Number of Last Hidden Neurens in Use

Total Number of Last Hidden Neurons in Use



Chapter 6

Variable-Viewpoint Representations for 3D Object Recognition

6.1 The Research Question

In the introduction chapter we have discussed the importance of the viewpoint-rich
representations generated from the projecting process, and thus, this chapter will investigate

the viewpoint-rich representations from three perspectives:

1. How can we design a unified framework that covers a continuous range of represen-

tations having different distributions of viewpoints?

2. How well do deep learning models designed for one type of representation perform

across the range of representations in our framework?

3. To what extent does fusing information across the range of representations in our

framework improve object recognition performance?

To address these questions, we will first demonstrate the design and implementation of
the Variable-Viewpoint (V%) Representations, a viewpoint-rich projecting framework, and

show how we could utilize these representations for the 3D object recognition task.

6.2 Abstract

For the problem of 3D object recognition, researchers using deep learning methods
have developed several very different input representations, including “multi-view” image
snapshots taken from discrete viewpoints around an object, as well as “spherical” represen-
tations consisting of a dense map of ray-traced samples of the object from all directions.
These representations offer trade-offs in terms of what object information is captured and

to what degree of detail it is captured, but it is not clear how to measure these information
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trade-offs since the two types of representations are so different. We demonstrate that both
types of representations in fact exist at two extremes of a common representational contin-
uum, essentially choosing to prioritize either the number of views of an object or the pixels
(i.e., field of view) allotted per view. We identify interesting intermediate representations
that lie in between these two extremes, and we show, through systematic empirical exper-
iments, how accuracy varies along this continuum as a function of input information as
well as the particular deep learning architecture that is used. Finally, we propose a multi-
representation network that utilizes several of these representations together and achieves

strong performance without hyperparameter tuning.

6.3 Introduction

Imagine you are visiting a museum to photograph a historical artifact. Because of the lim-
ited disk size of your camera, you can only store a total of 1920 x 1080 pixels. Every
view of this artifact is appealing, and so you face a difficult choice: will you take a single
high resolution picture (1 x 1080p) of the front-view only, several medium resolution pic-
tures (6 x 480p) of a few more views, or an omnidirectional picture with as many views as
possible? Which approach would help you remember the artifact best?

This question exemplifies a key point of differentiation among current, high-performing
approaches to 3D object recognition. Multi-view representations [6, 7] essentially capture
a discrete collection of whole-object views from various viewpoints. Spherical representa-
tions [10, 15} 11] capture a continuous sampling of single-point views from all around the
object. (We focus here on approaches to 3D object recognition using inputs that are pro-
jections of 3D information onto 2D image arrays. Other approaches use inputs represented
explicitly in 3D, such as voxels [[100, 33] and point-clouds [[168}, 93], but these fall outside
the scope of our discussions in this paper.)

Which representation is better, multi-view or spherical? Both yield impressive results

with various deep learning architectures, but it is difficult to make generalizable, apples-
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Figure 6.1: The continuum of our Variable Viewpoint (V?) representations from the Multi-
View extreme (left) to the Spherical extreme (right). The first two rows show the sampling
points for the mesh and its convex hull. The rest of the rows show the Depth, Sine, and Co-
sine channels (details in Section[6.4.1) of the mesh and its convex hull. All representations
are from the same 3D object: an airplane in ModelNet40.

to-apples judgments between them when they draw from such different types of input in-
formation. And furthermore, are these two our only options for projecting a 3D object into
2D images?

* In this paper, we demonstrate that multi-view and spherical representations are
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essentially two extreme cases of a unified representational continuum, which we
call the Variable Viewpoint (V?) representational framework, illustrated in Fi gure
and described in detail in Section

* We show, through systematic empirical experiments, how 3D object recognition ac-
curacy varies along this V2 continuum as a function of the input information available
to the learner, and we find that, even with architectures specifically developed for ei-
ther multi-view or spherical representations, peak performance occurs in middle
regions of our V? representational continuum.

* We present the Multi-Representation Convolutional Neural Network (MRCNN) that
combines multiple representations across the V2 continuum, and we show that by
fusing the representations in the V2 continuum together, we can achieve strong

performance without hyperparameter tuning.

6.4 Variable Viewpoint Representations

We define variable viewpoint (V?) representations as a collection of samples of 2D projec-

tions from around a 3D object, specified by following parameters:

1. The number of views (e.g., akin to the number of cameras positioned around an object)
2. The position of views (where each camera is located)
3. The size of each view (field of view of each camera)

4. The density of each view (resolution of each camera)

The number and the position determine the view distribution, and the size and the den-
sity determine the view field and resolution. If the view distribution is sparse and the res-
olution is high, V? is equivalent to multi-view representations. If the distribution is dense
and the resolution is only one pixel, V2 is equivalent to spherical representations.

V? representations are generated by first centering and normalizing a given 3D object

inside a sphere. Then, each sampling point on the sphere becomes the center point of
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a view plane that is tangent to the sphere. On each view plane, sampling points form a
evenly spaced grid surrounding the center point. All points on a plane will shoot rays to-
wards the object that are perpendicular to the plane, finally reaching the object (or in some
cases missing it entirely, becoming a “background” pixel in the resulting projection). Fig-
ure shows intuitive examples of different generating configurations of V2. Parameters
are explained in Section[6.4.1]

The information obtained from each ray when it intersects the object populates the
channels of the 2D projection. For example, this information could consist of the traveling

distance, the RGB value on the surface, and/or the incident angle. We denote the Number

m=1 n=4 m=1 n=4 m=4 n=4
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Figure 6.2: Samples of V?-generating configurations. Blue dots are the sampling points
shooting rays to the object. Orange dots are the intersected points with the object.
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of Channels as NC.

6.4.1 V? specification for this paper

There would be many ways to define numerical parameters to capture the V2 frame-
work. In this paper, we define five specific parameters:

1. m = number of rows in view distribution (e.g. latitude lines)

2. n =number of columns in view distribution (e.g. longitude lines)

3. w = width of each view, in pixels

4. h =height of each view, in pixels

5. d = density of pixels in a view, i.e., distance between sampling rays in a view place
For the studies in this paper, each ray captures 6 channels of information (i.e., NC = 6:
the depth (traveling distance) from the origin to the object mesh, the sine and cosine of the
incident angle between the ray and the surface of the mesh, and the same three channels
for the convex hull of the object. Of course, the V2 framework could be used with any set
of channels that capture information from a 3D object.

In our studies, we use different subsets of these 6 channels, which we refer to using
D for the depth channel of the mesh alone, DSC for the depth, sine, and cosine channels
of the mesh, and DSCDSC for the depth, sine, and cosine channels of both the mesh and

convex hull.

6.4.2 Number of Views vs Pixels per View

On the principle that more information is better, we might expect the best V2 represen-
tations to be those that use lots of cameras, positioned all around an object, where each
camera has a super-wide field of view and a super-high resolution. But, which of these
parameters is the most helpful to maximize?

Of many tradeoffs that could be considered, we focus on the tradeoff between the Num-

ber of Views (NV) versus the Pixels per View (PV). As in our museum example, suppose
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we control for a constant amount of input information by holding fixed the total number
of pixels available. We could either spend those pixels on a small number of views, with
many pixels per view (i.e., multi-view approach), or on a large number of views, with one
pixel per view (i.e., spherical approach), or something in the middle.

Figure |6.3[shows how V2 representations fall along a straight line in loglog scale in the
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Figure 6.3: By fixing the total number of pixels C per channel, the number of views NV (y-
axis) and the pixels per view PV (x-axis) will form a straight line in loglog scale. Different
lines represent different C. Blue dots indicate where multi-view [6, 7, 18, 9] and spherical
representations [[10} [11} 12 13} [14, [15] from existing research are located in this space.
Red dots indicate where the new V2 representation experiments presented in this paper are
located in this space (including experiments that fuse several of these representations). In
other words, we expect that the V2 framework and our initial experiments serves to open
up a new region of representations for 3D object recognition that is ripe for exploration.
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space defined by number of views versus pixels per view. The dots on each straight line
have the same number of total pixels per channel; the closer to the top-right corner of the
figure the line is, the higher number of total pixels that representations lying upon that line
use.

In this figure, the blue dots show where existing work on multi-view (bottom right) and
spherical representations (top left) would be located, and the red dots show the new V?2
representation experiments presented in this paper, including experiments that fuse repre-

sentations at several points along one of these lines.

6.4.3 V? representations in our experiments

Next, we describe in detail how we generate V2 representations. Figures (for ex-
periment 1) and (for experiments 2 and 3) show concrete examples of the range of
V2 representations from multi-view to spherical, while keeping the total number of pixels
constant.

Data Normalization. Objects are normalized into a sphere with the longest dimension
of the object defined to be slightly smaller than the diameter of the sphere. For our first
experiment, we used a sphere of diameter 1 with objects having a longest side of length 0.8.
For our second and third experiments, we used a sphere of diameter 2 with objects having
longest sides of length 0.99 * 2 = 1.98.

View Center. View centers are points sampled on the surface of the sphere. Sphere
sampling is an open research problem [106], and our V? implementation supports several
sampling methods. For this paper, we adopt a straightforward approach for generating
regular grid points on the sphere along lines of longitude and latitude.

View Grid. Each view plane is a tangent plane contacting the sphere at each view
center. Plane sampling [169] is another research area in its own right; for our experiments,
we slightly refined the approach of centric systematic [[170] sampling to generate the view

grid.
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Specifically, every point on the grid is symmetrically surrounding the center point, con-
structing a matrix of dimension w by & and shooting a ray parallel to its plane normal in
which the position of the center point is (|w/2], [#/2]). The closest point interval d deter-
mines the density of each view plane, and we set d = 1/x to guarantee each ray will at least

have a segment in the normalized sphere.

6.5 Experiments and Results

Table shows how previous research can fit into our V2 framework and how our
experiments examine novel combinations of V2 parameters. We designed and carried out
three experiments to investigate the utility of the V2 representation space.

In experiment 1, we applied a vanilla ResNet18 architecture to several V2 representa-
tions and found that, while images appear distorted, several “middle” V? representations
not previously explored in the literature can support surprisingly decent performance, es-
pecially given that the architecture was specially designed for these representations.

In experiment 2, we tested how well deep learning models designed for one type
of representation would perform across the range of V? representations. We adopted
ResNetl8 [31]] as a baseline architecture, MVCNN [6] as the multi-view architecture, and
S2CNN [10] as the spherical architecture.

In experiment 3, we fused several different representations along the V2 continuum
using what we call a multi-representation CNN (MRCNN) (Section [6.5.3).

The dataset to evaluate our V2 representations in all three experiments is ModelNet40 [33]),

with an 80-20 split for training and testing as in previous research [33, 6]].

6.5.1 Experiment 1. V? representations using vanilla ResNet18

In experiment 1, the containing sphere has a diameter of 1, and so the ray traveling

distance ranges from [0.0, 1.0]. The longest side of each object is normalized to 0.8.
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Variable-Viewpoint Representation Network

m n w h d NV PV NC c  Architecture
Suettl.’ 1 12 224 224 n/a 12 50176 3 602212 MVCNN
Kanezakietal? 1 12 224 224 nj/a 12 50176 3 602212 RotationNet
Taco et al. > 16384 1 1 n/a 1638 1 6 98304  S2CNN
Chivu et al.* 10242 1 1 n/a 10242 1 6 61452 UGSCNN

1 4 50 50 4 2500

28 25 25 .00 16 625 | o000

25 100 1 1 10000 1
This Paper 1 4 75 75 4 5625
Experiment 301225 25 475 36 625 1 57500  ResNet1s
1 75 300 1 1 22500 1

1 4 100 100 4 10000

28 50 50y 16 2500 | 40000

100 400 1 1 40000 1
This Paper 11 128 128 1 16384 ResNet18
Experiment 22 64 64 508 4 4096 3 4915 \2ZENRs

R R : : .
28&3 128 128 1 1 16384 1 MRCNN
This Paper 1 1 128 128 1 16384
Experiment 2 2 6:4 6:4 2/128 4 40:96 6 98304 MRCNN®
3 128 128 1 1 16384 1

Table 6.1: Using the parameters described in Section we characterize the multi-view
and spherical representations from four previous research studies. ! 2 Each view has RGB
channels rendered by Phong [[]] reflection model. 3 # Adopted different sphere sampling
methods whose m and n are replaced by the number of sphere sampling points. 3 * Each
view has DSCDSC channels. > We use ResNet18 as the backbone. © MRCNN is the Multi-
Representation CNN proposed in this paper by using a fully-connected layer to fuse all
representations together (details in Section[6.5.3).

The view centers on the sphere were sampled in a uniform distribution. Let 6, ¢ be the
azimuthal and polar angle in polar coordinates; 6 is evenly sampled m times from [0,27),
and ¢ is evenly sampled n times from (0, 1), updated by ¢ = arccos (1 —2¢) to avoid polar
clustering. Then each pair of (0, @) is the coordinate of a view center.

In experiment 1, the V2 representations have an aspect ratio of 4:1 (width: height) to
illustrate the evolution from the multi-view of 4 to the spherical extreme. Starting from
the multi-view end, the total number of pixels per channel, C, has been set to 10000 (m =
In=4w=25h=25),22500m=1n=4w=50h=50),and 40000 (m=1n=4w =
75 h =15).

Intermediate-level V2 representations are configured by identically subdividing each
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view into 4 quadrants, so (m =1 n =4 w = 100 h = 100) will be decomposed to (m =
2 n=38 w=>50 h=50). This process will keep constructing new representations until

reaching the spherical end (m = 100 n =400 w = 1 h = 1). Figure [6.4] shows examples

ST
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i T T
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f
C =10000 m n X y d
a 1 4 50 50 0.02
b 2 8 25 25 0.02
C 5 20 10 10 0.02
d 10 40 5 5 0.02
e 25 100 2 2 0.02
f 50 200 1 1 0.02

Figure 6.4: The V? representations used in experiment 1. From top to bottom the repre-
sentations are moving from the multi-view end to the spherical end while keeping the total
number of pixels constant. The left shows the sampling point distribution, the right shows
the V2 D channel, and the bottom table shows the five parameters for each V2 setup.
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Figure 6.5: The ModelNet40 test accuracies for 3D object recognition in the NV-PV V?
space of experiment 1. The y-axis, x-axis, blue dots, and the straight blue lines are the same
as Figure[6.3] Red circles indicate our experiment 1 results using a vanilla ResNet18 with
no data augmentation, no pretraining, and no hyperparameter-tuning. Circle size indicates
accuracy for our experiments only.

when C = 10000.

Figure [6.5] shows ModelNet40 test accuracies for 3D object recognition varying across
the V2 space. Many representations in the V2 space seem to be highly distorted, as shown
in Figure [6.4] but every evaluated point in this space shows decent performance of around
0.750 to 0.818 by just using a vanilla ResNet18 with at most w = 100 4 = 100 pixels, no

data augmentation, no pretraining, and no hyperparameter tuning.
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The peak accuracies are achieved in the middle of the V? space, close to the multi-
view end but not quite all the way there, where the representations are similar to those
in Figure [6.4b-c. These “middle” representations contain interesting properties that are
not well captured by pure multi-view or spherical representations, i.e., depicting fine-scale
edges of an object while balancing the overall structure and local patterns. In contrast,
multi-view representations have a large field of view that can capture large edges, while
spherical representations essentially make object edges implicit.

Existing research has focused on the top-left or the bottom-right areas in the V2 space,
e.g., leveraging more views or more pixels per view. Our research shows that besides
pushing the extremes outwards, examining representations in the “middle” will also be an

interesting research direction for 3D object recognition.

6.5.2 Experiment 2. V2 representations on ResNet18, MVCNN and S2CNN

In experiments 2 and 3, the containing sphere now is a unit sphere, so the ray traveling
distance ranges from [0.0,2.0], and the longest side of the object is normalized to 1.98.
The view centers on the sphere were sampled using the SOFT [171]] method, one of those
adopted in S2CNN [10].

The V? representations in this experiment are all 128 x 128 square images with DSC
channels resulting in 128 x 128 x 3 = 49152 pixels in total as shown in Figure 6.6

We rotated each object in 36 directions, with 12 views around each x-, y-, and z- axis
to provide V2 representations with different object positions. We started from a single
view (im =1n=1w = 128 h = 128), and then we followed the same subdividing pro-
cedure to (m =2 n =2 w =64 h = 64) as in experiment 1 until the spherical end at
(m=128 n=128 w=1 h=1). This eventually gives us 36 rotations x 8 V? parameter
setups = 288 representations per object as shown in Figure We will use the z-axis ro-
tation V2 representations in our experiments 2 and 3, i.e., the last 12 columns in Figure

but this shows how the overall representing space can be enhanced by our V2 framework.
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For MVCNN and S2CNN, all hyper-parameters follow the default values reported in
each paper including the learning rate, batch size, optimizer, etc. The vanilla ResNet18
follows the MVCNN hyper-parameter setup since it is also the backbone network for
MVCNN. Both MVCNN and S2CNN may not be particularly designed for all the represen-
tations across the V2 space, but because V? is a continuum of representations the properties
these models are looking for would change smoothly so we believe these models can still
perform reasonably on different representations.

The last 12 columns in Figure [6.7) and all 8 rows are the representations used in our
experiments 2 and 3.

In experiment 2, we test how deep learning models designed for one type of represen-

Key

Mesh < @ § = B

m=1n=1
x=128 y=128

m=2 n=2
x=64 y=64

m=4 n=4
x=32 y=32

m=8 n=8
x=16 y=16
m=16 n=16

x=8 y=8

m=32 n=32
x=4 y=4

m=64 n=64
x=2y=2

e i =
e T D
I 1
m=128 n=128

Figure 6.6: The V2 representations used in experiments 2 and 3. Each column is a dif-
ferent object in ModelNet40. The first row is the mesh and the rest of the rows are V2
representations generated from different parameters, as marked on the left.
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Figure 6.7: The large V2 representing space for 288 representations per object where we
will use the last 12 columns in our experiment 2 and 3. The top half is for an airplane in
ModelNet40 and the bottom half is for a chair in ModelNet40. In each half, each column is
a different rotation, i.e., the first 12 columns are for y-axis rotation, the middle 12 columns
are for x-axis rotation, and the last 12 columns are for z-axis rotation. From top to bottom,
each row is a different V2 representation evolving from (m=1n=1w= 128 h = 128) to
(m=128n=128 w=1 h=1). Figure shows in D channel only.

tation perform across the V2 continuum, so we treat each individual row (a different V2
parameter setup) with all columns (different positions) as an individual experiment. Fig-
ure [6.8| shows the results for these 3 architectures tested on 8 different V2 representations.

To better compare the pure expressive power of different representations in different
architecture conditions, we eliminated most of the machine learning tricks for performance
improvement including pretraining, rotation augmentation, and hyperparameter-tuning. We
expect that this is why, in this comparison experiment, the performance levels of MVCNN
and S2CNN are not as high as the reported numbers in their original papers.

The results of experiment 2 are shown in Figure [6.8] and several points are noteworthy
about this chart.

First, the highest accuracies are achieved in the “middle” region of the V2 space, (m =
dn=4w=32h=32)for MVCNN and (m =8 n=8 w= 16 h = 16) for ResNetl8 and

S2CNN. In other words, the home regions for MVCNN (multi-view input representations)
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and S2CNN (spherical input representations) aren’t actually the best performance regions
for each respective architecture within the V2 space.

Why might this be? We offer a few possible explanations. First, we have maximized
the pixel occupancy rate for the multi-view end of our representing space by normalizing
the longest side of each object to span 99% of the receptive field. However, there is still a
lot of blank space in these images (as shown in the bottom left thumbnails in Figure [6.8)),
and so the level of possible information utilization may not be as high as for the other

representations.

Second, not all architectures are created equal in their abilities to utilize information

0.84 A

e © ©

~l 00 o

[o0] o N
1 1 1

Test Accuracy

0.76 A

—— ResNetl8

V? Representations

Figure 6.8: The ModelNet40 test accuracies for 3D object recognition across 8 V2 repre-
sentations. No matter which specific representation type the architecture was designed to
use, the peak performance is located around the “middle” representations (m =2n=2w =
64h=64),(Im=4n=4w=32h=32),and(m=8n=8w=16 h=16).
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from across the V2 space. Other than the multi-view end on the left, and perhaps unsur-
prisingly, the plain ResNet18 architecture shows fairly consistent performance across many
representations. More surprisingly, both MVCNN and S2CNN exhibit an interesting “S”
shape in their performance. The “S” shape across all three different models indicate that
among all kinds of V2 representations, the “middle” representations closer to the multi-
view end may contain more, or more useful, information in the same number of pixels than
do the repreesntations on either “end” of the V2 spectrum.

Third, in some of the “middle” representations, ResNet18 even outperforms the other
architecture-representation combinations, even though it was not specifically designed for
3D object recognition at all. This again shows the expressive power of the “middle” V2
representations.

In the Discussion (Section[6.6)), we will provide our explanations of how these “middle”
representations could provide more useful information, per pixel, than other regions of the

representing space.

6.5.3 Experiment 3. The fusion of V2 representations

V2 provide a rich representing space, as shown in Figure Thus to better utilize all
kinds of representations, we propose the Multi-Representation Convolutional Neural Net-
work (MRCNN) architecture, as shown in Figure [6.9] We adopted an ImageNet [16] pre-
trained ResNet18 as the backbone network. Besides pretraining, there was no hyperparameter-
tuning done in this experiment.

Table shows results for applying multi-view multi-V? representations on MRCNN
networks. By fusing different V2 representations together, many models achieved more
than 90% accuracy.

By fusing the “middle” (m =2 n =2 w = 64 h = 64) V2 representations and 12 positions
together, the MRCNN achieved the highest accuracy of 90.875%. For the other rows with

the same backbone ResNet18 and rotation 12, i.e., the same architecture and C, we again
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observed the “S” shape pattern, a lower start at m = 1 and then m =2, m =4, and m = 8
achieve the peak accuracies. The rest of the 90% accuracy group, among configurations
that we tested, all resulted from fusing all 8 V2 representations with the front position only,
no matter which backbone the MRCNN used. This illustrates what we believe is untapped
expressive power within these “middle” representations of the V> framework.

Revisiting the NV-PV V? space, we depict the originally reported accuracies of the rep-
resentatives of the multi-view networks, the spherical networks, and our MRCNN networks
in the same space, as shown in Figure[6.10] Note that the reported accuracies for other net-
works are typically highly hyperparameter-tuned, data augmented, and models ensembled
to the ModelNet40 object recognition task.

A notable comparison is between the very middle group of 90+% accuracy models

to the MVCNN 80x at the darkest straight line (the largest total number of pixels) that

Channel, DSC

Hight

Inputs Backbone Features Flatten FC  Outputs

Figure 6.9: The Multi-Representation Convolutional Neural Network (MRCNN) architec-
ture. This diagram shows an MRCNN example by using DSC channels, 3 representations
per object, and predictions for 2 objects. The core is after getting the features of all 3 repre-
sentations of the same object, the network will concatenate them together as the final shape
descriptor.
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Rank |Channel Batch Backbone Rotation V2 Configuration Accuracy 0.8 0.9
1 |DSC 4 resnetl8 12 [2] 090875 |
2 |DSC 4 inception_v3 1 [1,2,..,64,128] 090750 |
3 |DsC 2 resnext50_32x4d 1 [1, 2, ..., 64,128] 0.90625 [ |
4 |[DSc 4 resnet18 1 [1,2,..,64,128] 090375 |
5 |DSCDSC 2 resnetl8 1 [1, 2, ..., 64,128] 0.90375 [ |
6 |DSC 4 resnet50 1 [1, 2, ..., 64,128] 0.90125 [
7 |Dsc 4 resnet18 12 [8] 089500
8 |Dsc 4 resnet18 12 [4] 0.89250
9 |DSC 4 resnetl8 12 [1] 0.89000 [ |
10 [DSC 4 resnetl8 12 [16] 088500 [
11 |DScDsC 2 resnet18 12 [1] 088375
12 |DSCDSC 2 inception_v3 1 [1, 2, ..., 64, 128] 0.88125 ]
13 |DSCDSC 2 inception_v3 12 [1] 0.86375 B
14 [DSC 1 resnext50_32x4d 1 [1, 2, ..., 64,128] 0.83125 [ |

Table 6.2: The accuracy table for fusing different V2 representations through MRCNN.
The batch column is the batch size of objects, so the actual batch size in memory will
be multiplied by the number of representations per object. In the position column, 12
means “uses all 12 positions” (the last 12 columns in Figure and 1 means “uses the
front position only.” The V2 Configuration column uses the m value to indicate which V2
representation is in use, e.g., 2 means the V2 setup of (n =2 n=2w = 64 h = 64).

achieves 90.1% accuracy. In the MVCNN paper, the author mentioned that they had ap-
plied data augmentation, low-rank Mahalanobis metric learning, hyperparameter-tuning,
and 80x multi-views to achieve this 90.1% accuracy, whereas we just used 8 different V2
representations, with no other adjustments or augmentations, to achieve several different
90+% model accuracy results.

The strong performance in the middle shows considerable potential to better utilize each
pixel in that region of the V2 space. The central field is much larger than the two extreme
corners of the common multi-view and spherical representations, and waits to be explored

further.

6.6 Discussion

Why might the “middle” representations perform better than other regions in the V2

space no matter which architectures they interact with? Here are three perspectives:
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Figure 6.10: Revisiting the NV-PV V? space with accuracy comparisons between our re-
sults from experiment 3 and existing work. Red circles are ours and blue circles are existing
work. Circle size indicates accuracy. The y-axis, x-axis, and the straight blue lines are the
same as in Figure[6.3]

1. The “middle” representations are better for capturing small edges of the object. These
small edges are easily overlooked if we just capture the whole body shape from the
multi-view end. These edges also become implicit if captures from the spherical end.

2. The “middle” representations provide balance between focusing on the local patterns
versus the global structure. The information from local and global elements is likely
complementary to each other, and thus capturing both results in a better pixel utiliza-

tion.
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3. The “middle” representations balance both translation invariance and rotation invari-

ance, and so provides robustness for these invariances in varying degrees.

6.7 Related Work

The family of 3D representations keeps on expanding. Some representations do not rely
on pixel-based images, such as polygon soup [87, 88]], sweep-CSG [89], and spline-based
representation [90]. Some need extra data processing such as polygon mesh [92], point
cloud [94]], and Octree/Quadtree-based representations [96] in the application of Graph
CNN on Mesh [91]], PointNet [93], and Octree-based O-CNN [935]]. Multi-view and voxel
representations are commonly used for deep learning, as they can be directly applied to
CNNs such as MVCNN [6]] and VoxNet [100].

Spherical representations were investigated in 2002 [105], and because of their rotation-
invariance properties, spherical deep learning models [10, 15, [11]] have emerged over recent
years. Some comparisons have been done between multi-view and voxel [102], and our
work can cover the comparisons between multi-view and spherical.

Essentially, V2 is a 2D mapping strategy that shows considerable potential applications

for 3D object recognition and also considerable promise for deep learning approaches.

6.8 Conclusion

As we have shown, performance improvements from using V2 representations are promis-
ing, both from using the “middle” representations alone or by fusing multiple V2 represen-
tation types. Moreover, we observed these performance gains across fundamentally differ-
ent models, including models that had not been specifically trained to accommodate these
“middle” V2 representations.

The V2 framework will support many other interesting research questions beyond what
we illustrated here. For example, we evaluated model performance after fixing C, (total

number of pixels) but fixing NV (number of views) or PV (pixels per view) may also be
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interesting. For example, if we fix PV, how would different settings of NV affect perfor-
mance?

In this chapter, I design and implement the Variable-Viewpoint (V?) representations to
provide the continuum of representations from different viewpoint distributions.

I show that the Multi-View and Sphere are just two extremes in the V2 space and evalu-
ate how models designed for a single type of representation will perform object recognition
in this space.

I propose the Multi-Representation Convolutional Neural Network (MRCNN) to fuse
all representations together which show the strong performance for the “middle” represen-
tations in the V2 space. This result indicates a direction to improve performance by moving

to the “middle” to utilize input space more efficiently.
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Chapter 7

Conclusion

7.1  Summary

In the deep learning era, large-scale datasets have become the soil for nurturing deep
neural networks, and these deep models have made remarkable achievements on vision
tasks such as object recognition.

However, for humans during infancy, the learning environment consists of extended,
embodied experience with a few, intensively observed objects, which is quite different
from the large-scale datasets commonly used in computer vision. Therefore, inspired by
research from developmental psychology, this dissertation explores object recognition from
the representational side in two main aspects, dataset collection and experiments on a new
instance-limited and viewpoint-rich dataset — Toybox, and a new projecting framework
to generate viewpoint-rich representations and the experiments on these viewpoint-rich

representations — V2.

7.2 Contributions

There are 4 main contributions in this dissertation:

First, I collected, annotated, and organized the Toybox dataset which contains ego-
centric, instance-limited, and viewpoint-rich videos of 12 transformations, 360 handheld
objects across 12 categories. These properties can support novel research to bring develop-
mentally relevant experiences to the machine learning field.

Second, I benchmarked the object recognition performance between deep learning
models and humans on the Toybox dataset, including identifying where the gaps are in
category-, object-, and viewpoint levels, which provides new goals for our computational

models to achieve robust recognition performance on datasets like Toybox, both in terms
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of training regimes and testing inputs.

Third, I demonstrated the temporal consistency propagating through the representing
spaces of neural networks in the input layer and the bottleneck layer, and then utilized this
consistency to enhance interpretations of hidden layer neurons.

Last, I designed and implemented the Variable-Viewpoint (V?) representational frame-
work and demonstrate 1) how representations designed for different architectures such as
multi-view and spherical can be unified on the same space; 2) the broad region of the
“middle” representations that may have potential to depict objects more efficiently; 3) the
potential of the rich representations in V2 to improve the performance of the object recog-

nition task.

7.3 Discussion

For Artificial Intelligence (AI), some considerable progress has been made in recent
years because of substantial computational resources, large-scale datasets, and deep learn-
ing models. Although we have made remarkable achievements under the philosophy of
“more is better”, there might be a risky loop in this research direction: that is, if we want
a better performance on some Al task, we will want to make the models deeper and wider,
we will then need to collect more data to train the model, we will then need more compu-
tational resources, and finally we want to improve the performance again by making the
models deeper and wider...

Neural networks that have millions or even billions of parameters are common to see
nowadays, for example, BERT [172] with 110 million parameters or the T-NLG [173]] with
17 billion parameters. Those used-to-be the large-scale datasets may become small datasets
again, such that mega-scale datasets will be the new “large-scale” in the future.

In the Computer Vision domain, many researchers have also pointed out the risks of
this kind of performance-developing loop, and so a lot of ideas have been proposed such as

few-shot, zero-shot learning, or the developmental approach of machine learning.
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This last direction, which is inspired by developmental psychology, is the core motiva-
tion of this dissertation.

For the object recognition task, if infants could learn by observing a few instances with
extensive viewpoints, it seems fair to expect that we could have computer vision models
that behave similarly. Perhaps we do still need mega-scale datasets, but we could just let
the models learn from the datasets in a developmental way, i.e., observing a few objects
comprehensively and then learning new objects in a long-tail and one-shot way. This learn-
ing trajectory may mitigate the hunger for computational and mega-scale data resources

that seems to be continuing on our current path.

7.4 The Future

I hope the Toybox dataset with its benchmark and interpretation experiments and the
V2 framework could support various kinds of research to bring the developmental approach
closer to the computer vision domain. Any dissertation isn’t just an end of a research

journey but is a commencement of the research future.
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