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The field of computer vision has benefited tremendously from an unusual
blessing: a baseline that works quite well on almost every problem, is extremely
simple to implement, and sometimes shockingly hard to surpass. The exis-
tence of such a baseline runs at odds to the history of vision; prior to deep
learning, approaches historically required careful design to obtain non-trivial
performance on many benchmarks. This baseline is the process of pretraining
and finetuning; initially training a neural network on a large dataset to per-
form some task and then applying components of that network to new tasks
with minimal modifications or additions. Specifically, the feature extractor
(dimensionality-reducing module) of the initial network is re-used with only a
small task-specific output network or layer needing to be trained from scratch.
In the last decade, this simple process has served as a building block for state-of-
the-art on numerous vision benchmarks, sometimes with minimal to no modi-
fications.

For all of its success, however, this method is still understudied and under-
developed. Until recently, there was very little effort to determine which task
to pretrain this network on; supervised training on the ImageNet classification
benchmark was simply considered sufficient. There has been some study about
why this transfer occurs, but relatively few attempts to better the transfer, espe-

cially from a methodology instead of parameter optimization perspective. In



this thesis, I consider from multiple perspectives the problem of using prior
knowledge and pretraining when given a new collection of images.

Chapter 1 introduces the method of pretraining and finetuning in further
detail and gives a summary of the contributions of this work.

In Chapter 2, I consider a variety of self-supervised learning methods on an
extremely varied set of domains, with the goal of understanding what signals
exist to learn and what signals are exploited or unexploited by pretraining on
or off the domain. I also consider how the pretraining and finetuning process
compares to domain-specific self-supervised learning. This work was published
in ECCV 2020.

In Chapter 3, we address the problem of improving the feature extraction
process directly. A novel architecture and algorithm for the self-supervised
ensembling of pretrained networks on a novel dataset is presented. This
method dramatically improves nearest-neighbor classification performance on
generalized-to datasets, and even is applicable to the single-model (non-
ensemble) setting. This work was performed during an internship at Salesforce
Research under the mentorship of Devansh Arpit and is currently under review.

In Chapter 4, we consider the improvement of transfer learning by domain-
specific pretraining. The considered task, called expert selection, deals with
choosing the optimal pretraining category out of a given set. Here we match
the previous state-of-the-art’s fully supervised performance despite our method
not requiring labels on the target or source domains. Additionally, we present a
more general form of the method which requires weaker assumptions about the
existence of powerful pretrained networks. This work was part of a collabora-
tion with Ziyang Wu during his time as a Master’s student at Cornell and was

published in CVPR 2021.



Chapter 5 provides a change of pace, focusing instead on the problem of
task-specific generalization. Specifically, the problem of inter-class generalization
is considered in the context of monocular 3D reconstruction. An architecture is
presented that utilizes an inputted prior at inference time to generalize across
class categories with no retraining required, only an exemplar shape from the
new class. This work was published in ICCV 2019.

Chapter 6 brings the technical contributions to a close. Like the previous
chapter, here we move away from the problem of image recognition. Specifi-
cally, timeseries analysis and classification is considered. We present in-progress
work to build a generalizable model for timeseries that parallels the at-times
seemingly omniscient power of pretrained vision and language models. Con-
cretely, we demonstrate a currently per-dataset deep metric learning architec-
ture that exceeds the unsupervised state of the art for a wide benchmark of
timeseries classification tasks. This work will be continued in the future. The
presented initial progress was made while working with Kavita Bala and Samar
Khanna during his undergraduate studies at Cornell.

Finally, Chapter 7 discusses future directions of both the presented work and

tield at large.
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CHAPTER 1
INTRODUCTION

To begin this thesis with the now-classic echo (up to paraphrasing) that “the
application of deep learning to computer vision has enjoyed rapid growth in
recent years in terms of both performance and interest”, would be a massive
understatement. Few fields have benefited from the advent of neural networks
and graphics processing units as computer vision has. Possibly only natural

language processing has reaped comparable benefits.

In what ways have these benefits been realized? What tasks have been
pushed forward? From an academic perspective, there are dozens of bench-
marks and methods of measure on said benchmarks that have been proposed
and utilized. Tasks that one might perform include classification, multi-class
classification, open-set classification, semantic segmentation, depth estimation,
inpainting, image generation, 3-D reconstruction, object tracking, shape com-
pletion, or novel viewpoint synthesis. These tasks can be performed with
varying amounts of data and label availability, a sampling of such settings in-
clude full supervision, semi-supervision, self-supervision, weak supervision,
one-shot learning, few-shot learning, or zero-shot learning. A third axis that
problem settings vary in is the domain itself, i.e. the type and content of the
imagery. A diverse but far from exhaustive sampling of image domains is em-
ployed in Chapter 2. Here it suffices to say that in addition to the power set of
things (in literally any definition of the word “thing”) that human beings have
visually observed since cameras were invented there is a myriad of non-human-
visible visual signal capturing techniques such as medical scans, microscopy,

aerial imaging, astronomical telescopes, and more that can provide the broad



category of data that we call images. This is not to mention performing vision on
things that don’t even exist, such as the synthetic data used in SYNTHIA[160].
So the short answer to the leading questions of this paragraph might be “many”

and "lots”.

Throughout this overwhelming diversity of problem settings that deep
learning has been applied to, however, certain things remain stable and con-
stant. As an example (which this thesis will not discuss at length), stochas-
tic gradient descent (SGD) is one of the only successful ways to train a neural
networks and indeed the only way that has shown widespread success. Such
is of course by design, the differentiability of neural networks is a core tenet
of their architecture. A more unexpected constant theme, is the astoundingly
widespread efficacy of a baseline known as a pretrained ImageNet feature ex-

tractor.

While progress is often measured academically by the optimal performance
that carefully crafted and tailored methods can achieve, perhaps a better mea-
sure of the practicality of a field is the strength, utility, and reliability yielded by
a core subset of approaches. If such a toolbox exists, is easy to implement, and
yields strong results on the vast majority of in-the-wild problems, then it would
seem that the aforementioned field is quite poised for rapid adoption and appli-
cation. For computer vision, this has indeed been the case. In fact, computer vi-
sion has as even stronger version of this property; taking a pretrained ImageNet
feature extractor (which will be described precisely momentarily) and finetun-
ing it with whatever labels are available on the desired downstream task, yields
a bar of performance on many academic benchmarks that is often extremely

challenging to overcome, or even historically insurmountable. For many tasks,



this efficacy of pretraining is accepted and fully leveraged: many early deep
learning approaches that achieved state-of-the-art results on problems such as
object detection simply utilized the power of pretrained networks adapted to
specific tasks. Even recently, these pretrained feature extractors have been used
as the backbone for many more refined state-of-the-art approaches, with the net-
work initialization serving as a critical component to beat simple transfer learn-
ing baselines. So the story of deep learning in computer vision up until now is
untellable without the inclusion of the pretrained ImageNet feature extractor. I

now explain exactly what this baseline is and how it is used in practice.

1.1 Pretrain on ImageNet, Finetune Anywhere

One of the key obstacles in computer vision is the high dimensionality of the
data. Even simple 28 x 28 grayscale images have basic representations of nearly
800 dimensions, a similarly sized image with the 3 typical RGB channels has
triple that. Most images, however, have pixels on the order of tens of thou-
sands. This is one of the defining features of computer vision: the dimension-
ality is so large that many methods are rendered impractical. In addition to the
computational constraints, the nature of imagery means that flat vectors of rep-
resentations are very decorrelated with semantic meaning. Scaling, shifting, or
rotating an image will dramatically alter the pixel values even though the seman-
tics (meaning) and geometry of an image will be largely preserved. This leads
to neural networks for images typically devoting the bulk of the architecture
to mapping their input to a vector or spatial grid of tractable size for which the
values contain information about attributes that are meaningful for the problem

at hand. This process is called feature extraction and this large initial segment of



the network is referred to as a feature extractor (denoted as ® for the purpose of

Chapter 1).

Once feature extraction has been performed on an image, the new, typi-
cally now much smaller, representation is then fed into a head network (de-
noted as ¢ for the purpose of Chapter 1) which computes the output (i.e.
output = ¢(O(input)). For a task such as classification, this head network is of-
ten just a simple linear classifier, or possibly a multi-layer perceptron (MLP),
trained on top of a vector representation. For more complicated visual tasks
such as detection or segmentation, the feature will typically be a spatial map
of reduced dimensionality and large number of feature channels (analogous to
the original RGB values) and the head network will have more sophisticated

(de)convolutional layers.

A key motivation behind this process is that if the feature representation is
suited enough to the task at hand then simple methods (or even classical ones
like k-nearest neighbors) can provide good performance when trained on these
features. One might initially suppose that losslessly capturing the data of the
image in the feature representation might be sufficient, but this is not the case.
As discussed in Chapter 2 such a process, called autoencoding, does not pro-
duce a well-behaved enough representation space in comparison to more inten-
tionally crafted spaces, this is partly attributable to the fact that even the total
of captured imagery in the world is extremely sparse in pixel space, breaking
the guarantees of classical methods. The most successful feature extractors are
those that are trained in alignment with the goal of the head network. For ex-
ample, a classification network with a linear head ¢ will simultaneously have ©®

trained resulting in a linearly separable feature space. For this reason, the pa-



rameters of ® are often tuned in conjunction with the training of ¢. This allows
for a more expressive function to be learned, and means that pretraining can be

leveraged with practically zero sacrifice.

A very important classification task commonly used for pretraining is the
ImageNet Large Scale Visual Recognition Challenge (although nowadays it is
considered a moderate-scale problem). This challenge is performed across a
dataset of 1.3 million images and 1000 classes, which primarily consist of a vari-
ety of animals, food, and everyday objects. ImageNet classification was a grand
challenge in computer vision for a long time, success on this benchmark using
a convolutional neural network is widely cited as the impetus for the explosion
of deep learning. Such a network is trained in the manner described above. A
feature extractor, ®, and an (often linear) head, ¢, are jointly trained via stochas-
tic gradient descent to map an image x; that belongs to class y; to the one-hot
vector é,, as guided by a cross-entropy loss. This approach, in various iterations
and modifications to algorithm and architecture, has steadily yielded improved

performance on the ImageNet benchmark.

The exciting part of the story, however, comes when the feature extractor of
such a network, denoted here as 0y, is applied to new datasets and types of im-
agery. Despite being trained on a specific type of imagery (namely object-centric
photographs uploaded to the internet) over a specific set of 1000 classes (which
albeit large is still extremely narrow in scope from a global perspective), the
representations that ®, yields is incredibly useful across a staggering variety
of uses and imagery domains. For classification datasets ranging from satel-
lite imagery, to medical scans, to hand-written symbols, and more, the features

provided by ©, have been shown to provide excellent performance under even



simple classification methods such as linear regression or k-nearest neighbors.
More generally, when given a new computer vision problem, simply using a @,
feature extractor combined with a trained-from-scratch linear head ¢’ typically

yields extremely competitive performance.

In essence, the existence of such easily obtainable ®, bypasses the major
problem of high dimensionality in images by reducing nearly arbitrary imagery
into a parseable space. Perhaps more than anything else, this phenomenon is
what has spurred the rapid proliferation of vision applications. The author even
found this approach useful when binarily detecting the presence of lab mice on
an "exercise ladder” from just a few hundred training examples while interning

at a biotechnology startup in 2016.

This generalizability of networks pretrained on large-scale tasks is a key
vision property that is leveraged throughout both literature and application.
There is some existing work on the refinement of this process: billion-scale
datasets with more classes yield even more generalizable representations[120]
and training on ImageNet in different ways (some not even using the provided
labels) similarly provides a ®, with even more empirical transfer efficacy[76, 29,
236]. This process of transferring a representation, called transfer learning, is a
whole sub-field of computer vision itself, with work such as [99] specifically op-
timizing the finetuning of a ®, in conjunction with the training of a new head ¢.
I'lay out my contributions to the understanding and improvement of the use of

pretraining and pretrained feature extractors, in the following section.



1.2 Contributions

The goal of my research has been to expand and improve the method of pre-
training and transfer learning. In Chapter 2, the benefit of self-supervised (no
label) learning is studied on a wide array of domains in order to investigate what
knowledge and techniques are useful in both specific and general instances.
Domain-specific advantages to self-supervised learning techniques are uncov-
ered that inform the rest of my investigations as well as identifying general
trends across all domains. Self-supervised learning can offer competitive ad-
vantages over or in addition to ImageNet finetuning as unlabeled images are
learned from. In Chapter 3, a method to improve the representations of either a
single or multiple ensembled ©, on a given domain is presented. This contribu-
tion offers an out-of-the-box approach to improve pretrained feature extractor
representations given a task, either individually or in an ensemble (which is a
novel setting). In Chapter 4, domain-specific pretraining is explored: pretrain-
ing on a broad diverse set of images is less effective than training on a smaller
but extremely relevant set. The task of expert selection is tackled in the zero-
label and zero-initialization contexts with results matching the supervised state-
of-the-art. Chapter 5 forgoes transfer learning from ImageNet to instead focus
on the problem of class generalization. An architecture for single-image 3D re-
construction is presented which improves generalization to previously unseen
classes by leveraging an inputted class shape prior at inference time. In Chap-
ter 6, we consider a domain where deep learning has yet to establish itself in
timeseries analysis. A novel architecture is presented for deep metric learning
on timeseries that achieves state-of-the-art on classification tasks given unsuper-

vised pretraining. This work is still in progress, as we hope to create networks



which can provide the same generalizable power on timeseries that ImageNet-
pretrained CNNs have provided to computer vision. Finally, I conclude with
Chapter 7 where I reflect on the future growth of this work as well as the field

in general.

As a clarifying note, the body chapters of this thesis are all adaptations of
published papers or papers under review, with the exception of Chapter 6 which
was adapted from a partial manuscript. Given the non-linear nature of these
chapters (and correspondingly my research), I leave each chapter to serve as
a stand-alone module with separate background, related work, and notation.
While this results in some amount of informational redundancy and notational
disagreement, I believe that it improves the overall reading experience. The
supplementary material and appendices of the individual chapters have been

consolidated into the chapters themselves where relevant.



CHAPTER 2
EXTENDING AND ANALYZING SELF-SUPERVISED LEARNING
ACROSS DOMAINS

2.1 Introduction

A good visual representation is key to all visual recognition tasks. However, in
current practice, one needs large labeled training sets to train such a representa-
tion. Unfortunately, such datasets can be hard to acquire in many domains, such
as satellite imagery or the medical domain. This is often either because annota-
tions require expertise and experts have limited time, or the images themselves
are limited (as in medicine). To bring the benefits of visual recognition to these
disparate domains, we need powerful representation learning techniques that

do not require large labeled datasets.

A promising direction is to use self-supervised representation learning
(SSRL), which has gained increasing interest over the last few years[60, 142,
243, 69, 100, 244]. However, past work has primarily evaluated these tech-
niques on general category object recognition in internet imagery (e.g. Ima-
geNet classification)[163]. There has been very little attention on how (and if)
these techniques extend to other domains, be they fine-grained classification
problems or datasets in biology and medicine. Paradoxically, these domains are
often most in need of such techniques precisely because of the lack of labeled

training data.

As such, a key question is whether conclusions from benchmarks on self-

supervised learning [69, 100] which focused on internet imagery, carry over to



this broader universe of recognition problems. In particular, does one tech-
nique dominate, or are different pretext tasks useful for different types of do-
mains (Sec. 2.5.1)? Are representations from an ImageNet classifier still the
best we can do (Sec. 2.5.1)? Do these answers change when labels are limited
(Sec. 2.5.1)? Are there problem domains where all proposed techniques cur-

rently fail (Sec. 2.5.2)?

A barrier to answering these questions is our limited understanding of
self-supervised techniques themselves. We have seen their empirical success
on ImageNet, but when they do succeed, what is it that drives their success
(Sec. 2.5.3)? Furthermore, what does the space of learned representations look
like, for instance in terms of the dimensionality (Sec. 2.6.1) or nearest neighbors

(Sec. 2.6.2)?

In this work, we take the first steps towards answering these ques-
tions. We evaluate and analyze multiple self-supervised learning techniques
(Rotation[60], Instance Discrimination[220] and Jigsaw[142]) on the broadest
benchmark yet of 16 domains spanning internet, biological, satellite, and sym-
bolic imagery. We find that Rotation has the best overall accuracy (reflective
of rankings on ImageNet), but is outperformed by Instance Discrimination on
biological domains (Sec. 2.5.1). When labels are scarce, pretext methods out-
perform ImageNet initialization and even full supervision on numerous tasks
(Sec. 2.5.1). A prominent failure case for SSRL is fine-grained classification
problems, due to important cues such as color being discarded during train-
ing (Sec. 2.5.2). Finally, when SSRL techniques do succeed, their reason for
success varies: Rotation relies more on the semantic nature of the pretext task,

compared to Jigsaw and Instance Discrimination (Sec. 2.5.3). Perhaps as a con-
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Figure 2.1: Samples from all datasets. Top rows: Daimler Pedestrians,
CIFAR100, FGVC-Aircraft, CU Birds, VGG-Flowers, UCF101,
BACH, Protein Atlas. Bottom rows: GTSRB, SVHN, Omniglot,
UC Merced Land Use, Describable Textures, Indoor Scenes,
Kather, ISIC. Color coding is by group: Internet Symbolic
Scenes & Textures Biological

sequence, the representations of Rotation having comparatively higher implicit

dimensionality (Sec. 2.6.1).

2.2 Datasets

We include 16 datasets in our experiments, significantly more than all prior
work. Dataset samples are shown in Figure 2.1. We group these datasets into 4
categories: Internet, Symbolic, Scenes & Textures, and Biological. A summary
is shown in Table 2.1. Some of the datasets in the first three groups are also in

the Visual Domain Decathlon (VDD)[158], a multi-task learning benchmark.

Internet Object Recognition: This group consists of object recognition prob-
lems on internet imagery. We include both coarse-grained (CIFAR100, Daimler

Pedestrians) and fine-grained (FGVC-Aircraft, CUB, VGG Flowers) object clas-
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Table 2.1: Summary of the 16 datasets included in our experiments: en-
compassing fine-grain, symbolic, scene, textural, and biological
domains. This is the first work exploring self-supervised repre-
sentation learning on almost all of these tasks

Name Type Size (Train) Coarse/Fine Abbreviation
Daimler Pedestrians[138] Road Object 20k Coarse PED
CIFAR100[103] Internet Object 40k Coarse C100
FGVC-Aircraft[121] Internet Object 3.3k Fine AIR
Caltech-UCSD Birds[215] Internet Object 8.3k Fine CUB
VGG-Flowers[141] Internet Object 1k Fine FLO
UCF101[175, 16] Pseudo-Internet Action 9.3k Coarse UCF
German Traffic Signs [177] Symbolic 21k Coarse GTS
Street View House Numbers[139] Symbolic 59k Coarse SVHN
Omniglot[106] Symbolic 19k Fine OMN
UC Merced Land Use[231] Aerial Scene 1.5k Coarse MER
Describable Textures[37] Texture 1.9k Fine DTD
Indoor Scene Recognition [154]  Natural Scene 11k Coarse SCE
ICIAR BACH][7] Biological 240 Coarse BACH
Kather[93] Biological 3k Coarse KATH
Protein Atlas[145] Biological 9k Fine PA
ISIC[38, 189] Biological 17k Coarse ISIC

sification tasks. Finally, we include the “dynamic images” of UCF101, a dataset

that possesses many of the same qualitative attributes of the group.

Symbolic: We include three well-known symbolic tasks: Omniglot, German
Traffic Signs (GTSRB), and Street View House Numbers (SVHN). Though the
classification problems might be deemed simple, these offer domains where
classification is very different from natural internet imagery: texture is not gen-

erally a useful cue and classes follow strict explainable rules.

Scenes & Textures: These domains, UC Merced Land Use (satellite im-
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agery), Describable Textures, and Indoor Scenes, all require holistic understand-
ings, none having an overarching definition of object/symbol. Indoor Scenes

does contain internet imagery as in our first group, but is not object-focused.

Biological: BACH and Kather consist of histological (microscopic tissue) im-
ages of breast and colon cancer respectively, with the classes being the condi-
tion/type of cancer. Protein Atlas is microscopy images of human cells, with
the goal being classification of the cell part/structure shown. Finally, ISIC is a

dermatology dataset consisting of photographs of different types of skin lesions.

Before evaluating self-supervision, we study the datasets themselves in
terms of difficulty and similarity to ImageNet. To do so, we compare the accu-
racy of a network trained from scratch with that of a linear classifier operating
on an ImageNet-pretrained network (Figure 2.2). The higher of the two num-
bers measures the difficulty, while their relationship quantifies the similarity to

ImageNet.

We find that small datasets in the Internet domain tend to be the hardest,
while large Symbolic datasets are the simplest. The symbolic tasks also have the
largest gap between supervision and feature extraction, suggesting that these
are the farthest from ImageNet. Overall, the ImageNet feature extractor per-
formance is strongly linearly correlated to that of the fully supervised model
(p = 0.004). This is expected for the Internet domain, but the similar utility
of the feature extractor for the Biological domains is surprising. Dataset size
also plays a role, with the pretrained feature extractor working well for smaller

datasets.

For fine-grained classification (AIR, CUB, FLO), the supervised models per-
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Supervised Training vs Linear Features from Imagenet Classifier
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Figure 2.2: Test accuracy of a fully supervised network vs. a linear classi-
fier on top of an ImageNet-classification frozen feature extrac-
tor. Marker area indicates dataset size

form comparably, while the ImageNet classifier’s performance varies widely. In
addition to the small size of VGG-Flowers, this case is also partly explainable
by how these datasets overlap with ImageNet. Almost half of the classes in Im-
ageNet are animals or plants, including flowers, making pretraining especially

useful.

2.3 Methods

2.3.1 Self-Supervised Learning Techniques

In this paper we look at three popular methods, Rotation, Jigsaw, and Instance
Discrimination. We also look at the classical technique of Autoencoders as a
baseline for the large variety of autoencoder-based pretexts[244, 243, 150]. We
briefly describe each method below, please view the cited works for detailed

information.
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Learning by Rotation: A network is trained to classify the angle of a rotated

image among the four choices of 0, 90, 180, or 270 degrees[60].

Learning by Solving Jigsaw Puzzles: The image is separated into a 3x3 grid
of patches, which are then permuted and fed through a siamese network which
must identify the original layout[142, 21]. We use 2000 training permutations
in our experiments, finding this offered superior performance to 100 or 10,000

under our hyperparameters.

Instance Discrimination: Instance Discrimination (ID) maps images to fea-
tures on the unit sphere with each image being considered as a separate class

under a non-parametric softmax classifier[220].

Autoencoders: Autoencoders were one of the earliest methods of self-
supervised learning[244, 198, 150, 14, 80]. An autoencoder learns an encoder-

decoder pair of networks that reconstruct the input image.

2.3.2 Architectures

ResNet26

See Figure 3 and Section 3.2 of [158] for the original description. Features maps
of size 256 x 8 x 8 are extracted before the final pooling layer and average pooled
to 256, 4096 (256 x4 x4), or 9216 (256 X 6 X 6), with 256 being the default. A linear

classifier is trained on these features.
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Layer Output Shape

Input 256
ConvTranspose2d-1 [-1,512, 4, 4]
BatchNorm2d-2 [-1,512, 4, 4]
ReLU-3 [-1,512, 4, 4]
[-1,2
[-1,2
[-1

ConvTranspose2d-4 , 256, 8, 8]

BatchNorm2d-5 , 256, 8, 8]

ReLU-6 , 256, 8, 8]
ConvTranspose2d-7 [-1, 128, 16, 16]
BatchNorm2d-8 [-1, 128, 16, 16]
ReLU-9 [-1, 128, 16, 16]
ConvTranspose2d-10 [-1, 64, 32, 32]
BatchNorm2d-11  [-1, 64, 32, 32]

ReLU-12 [-1, 64, 32, 32]
ConvTranspose2d-13  [-1, 3, 64, 64]
Tanh-14 [-1, 3, 64, 64]

Table 2.2: Generator architecture. First convolution has stride of 1 and
no padding, all subequent convolutions have stride of 2 with
padding 1. All kernels have size 4.

Autoencoder Generator

We resize inputs to 64 x 64 and use a ResNet26, as in Rebuffi et al. [158, 159]. The
lower resolution eases computational burden as well as comparison and future
adaptation to the VDD. For Autoencoding, a simple convolutional decoder is

used. The architecture is laid out in Table 2.2.

2.3.3 Training & Evaluation

All networks are trained using stochastic gradient descent for 120 epochs with
an initial learning rate of 0.1 decayed by a factor of 10 at 80 and 100 epochs,

with momentum of 0.9. One addition to our training process was that of “Ear-
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lier Stopping” for the Rotation and Jigsaw pretext tasks. We found that even
with traditional early stopping, validation accuracy could oscillate as the pre-
text overfit to the training data (especially in the Scenes & Textures or Biological
cases), potentially resulting in a poor model as the final result. We stabilized

this behavior by halting training when the training accuracy improved to 98%.

2.4 Related Work

There are three pertinent recent surveys of self-supervision. The first is by
Kolesnikov et al. who evaluate several methods on ImageNet and Places205
classification across network architectures[100]. We focus on many domains,
an order of magnitude more than their work. The second relevant survey is
by Goyal et al., who introduce a benchmark suite of tasks on which to test
models as feature extractors. While they scale on a variety of downstream
tasks, the pretraining datasets are all internet imagery, either ImageNet or YFCC
variants[69, 185]. Our work includes a much wider variety of both pretraining
and downstream datasets. VTAB tests pretrained feature extractors on a variety of
datasets, performing self-supervised learning only on ImageNet[240]. Finally,
a concurrent paper evaluates these self-supervised techniques as an auxilliary

loss for few-shot learning[180].

One trend of inquiry concerns classifiers that perform well on multiple do-
mains while sharing most of the parameters across datasets[158, 159, 210]. The
pre-eminent examples of this are by Rebulffi et al. [158, 159] who present ap-
proaches on the VDD across 10 different domains. We use these datasets (and

more) in our training, but evaluate self-supervised approaches in single-domain set-
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tings.

There has also been prior work using problem/domain-specific SSRL meth-
ods, such as [87, 117, 28, 56] in the biological and medical fields or [164] for
aerial imagery. Many of these approaches use variations of autoencoding as the
pretext task; we include autoencoding in our evaluation. In contrast to these,

our focus is on the cross-dataset applicability of these pretexts.

Other SSRL methods include generative models[51, 54, 64], colorization [107,
243], video-based techniques[146, 45, 149, 134, 67, 201], or generic techiques[23,
17, 76, 133, 29]. It is very possible that a subset of these methods could offer
improved performance on some of the domains we work with, however in this
work we focus on the popular fundamental methods of Rotation, Jigsaw, and In-
stance Discrimination as well as Autoencoding as a representative set. Doersch
and Zisserman use multiple pretexts simultaneously to improve representation
quality [50]. This approach could be complementary to the work featured here.

Semi-supervised approaches such as S4L[239] are relevant to Section 2.5.1.

2.5 Downstream task Performance Analysis

2.5.1 Downstream task accuracy

A summary of downstream testing accuracies is shown in Figure 2.3. The ob-
vious question to ask in this investigation is “which pretext is best”? On Ima-
geNet, per the respective original works, the ordering (best to worst) was Rota-

tion, Instance Discrimination, Jigsaw, Autoencoding. We see that this ranking is
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not universal: while Rotation is the best pretext on the first three groups, it lags
behind even random initialization on the Biological domains. Furthermore, the
relative rankings of ID and Jigsaw vary between groups. We investigate what

powers the performance of each of these methods in Section 2.5.3.

Limited Label Training

Self-supervised learning has made an impact in the field of semi-supervised
learning, where only a subset of the dataset given is labeled, as in the work
of Zhai et al.[239]. In that work on ImageNet, a self-supervised feature extractor
followed by a supervised linear head falls well short of the purely supervised
baseline (40% accuracy compared to 80% when 10% of labels are available). We
find that this conclusion does not hold on our domains when 10% of labels are
used, with a pretext + linear setup outperforming the fully supervised models

on some datasets/groups (Figure 2.4).!

On the Internet and Scenes & Textures groups, Rotation matches/outper-
forms full supervision. On ISIC, both Instance Discrimination and Jigsaw match
Supervision. Interestingly, Autoencoding performs well in the Biological do-
mains. Given the difficulty of expert annotation in the medical field, this is a
valuable finding to encourage Autoencoder-based methods in these label-scarce
domains, vindicating choices in past work[87, 117, 28, 56]. The unlabeled 90% of
the data being available for SSRL methods is critical: when only the labeled sub-
set is used for pretraining the performance drops an average of approximately

10%.

!Note that [239] performs extensive hyperparameter tuning for the supervised baseline.
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Figure 2.3: Downstream classification accuracies for each pretext, as well
as a randomly initialized feature extractor, a frozen ImageNet
classifier, and fully supervised training. Rotation achieves the
highest accuracies on the first three groups, but fails on the Bio-
logical domain, where Instance Discrimination performs best.
The relative rankings of Jigsaw and ID vary between groups
and are practically equal in overall average
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Scenes & Textures imagery. Autoencoding performs very well
on the Biological domains in the semi-supervised setting, a
novel result that indicates the potential for future development
(given that this Autoencoder implementation is the simplest

possible)



2.5.2 Inspecting Failure Modes

We call specific attention to the problems where self-supervised techniques do
not achieve even half of the supervised accuracy (Aircraft, CUB, Textures and

Protein Atlas). These seem to involve two kinds of problems.

Textures and Protein Atlas:

In both these datasets, the entities being classified are not objects of recognizable
shape, which is true of most object recognition datasets where the self-supervised
techniques were developed. The images also do not have a canonical orienta-
tion, unlike in internet imagery where gravity and photographers’ biases pro-
vide such an orientation. We hypothesize that the lack of orientability hobbles
Rotation, and the textural nature of both problems results in there being little
to distinguish a patch in the Jigsaw pretext from a complete image, meaning
Jigsaw can do little besides cue off of low-level properties (such as chromatic
aberrations [142]) As such, modulo low-level dataset biases, the Rotation and

Jigsaw pretext tasks cannot even be solved in these domains.

Fine-Grained Classification on Aircraft and CUB:

In these datasets, the Rotation and Jigsaw pretexts are solvable, involving ob-
jects captured in a canonical orientation. Even so, neither pretext learns a good
representation. While the domains are favorable to the pretexts, the tasks are not:
both tasks involve fine-grained distinctions in color or texture, and subtle dif-
ferences in shape. One hypothesis is that modeling these subtle differences is

not necessary for solving the pretext task, causing the learnt representation to
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Figure 2.5: The 10 nearest neighbors (in order) of the far-left image in the
CUB validation set measure by the unpooled feature space of
the Rotation pretext model. We see that coloring plays almost
no role in determining neighbors, but pose is a very strong sig-
nal

be invariant to these vital distinctions. Indeed, when we look at nearest neigh-
bors in CUB for our Rotation model, we see birds of completely different colors
but in the same pose, suggesting that the representation has captured pose, but
ignored color (Figure 2.5). We quantitatively evaluate this hypothesis further in

Section 2.5.3.

Note that we have not discussed the failures of Instance Discrimination in
both domains. Instance Discrimination must learn to distinguish between indi-
vidual images, which should be solvable in any domain as long as the images
are distinct. As such, its failure and general performance is much more unpre-

dictable and less interpretable, as we elaborate on in the next section.

2.5.3 Reasons for Success

The flip side of why they fail is why they succeed. In prior work on the domain
of internet imagery, this has mostly been answered by intuition. Rotation and
Jigsaw were engineered as tasks that ostensibly require semantic understand-
ing to solve. Instance Discrimination’s success is similarly intuitive: spreading
points in a constrained space will naturally cluster similar images. Given the

failures above, neither of these intuitions endure without modification in the
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Figure 2.6: Rotation pretext testing accuracy vs. unnormalized down-
stream performance. Almost perfect correlation is evident

varied domains of our work, and a more nuanced reasoning is necessary.

Semantic understanding: As discussed above, for some domains such as Air-
craft or CUB, the pretexts do not produce a good semantic representation per-
haps because they do not require a semantic understanding to solve. As an addi-
tional example, Jigsaw classifies permutations on Omniglot with 77% accuracy,
but performs poorly on the classification task: line-matching is not understand-
ing. Another example is Kather, where Rotation picks up on some hidden cue
to fully solve the pretext problem without attaining any semantic knowledge.
On the other side of the spectrum, we observe on the Symbolic domains in Fig-
ure 2.6 that Rotation is implicitly performing semantic classification, making it
a near-optimal pretext task. When is semantic understanding a prerequisite for

a pretext task, and how can we test this?

We propose that semantic understanding is a prerequisite for a pretext when
the solution method is class-dependent: in this case, the network must necessarily
implicitly classify the image to perform the pretext well. For example, in the
fine-grained classification of airplanes and birds, determining the orientation
of the object is class-independent, so a network trained on the Rotation pretext

does not need to learn features indicative of class. One way of testing if the
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pretext solution is class independent is to see if a network trained to solve the
pretext on one set of classes solves the pretext on unseen classes. We call this
test pretext generalization (Figure 2.7): we train and validate pretexts on only
half of the available classes, and then evaluate the pretext on the entire test set.
We predict that worse pretext generalization should imply better downstream

performance.

Our prediction is correct for Rotation, affirming our hypothesis, but Jigsaw
models seem to show high pretext generalization in almost all cases. This lack
of correlation might be because Jigsaw is relying on low-level cues that do gen-
eralize in addition to the semantic information. We contrast these findings with
a concurrent paper[180] which speculates that Rotation is not as useful for few-
shot learning on FGVC-Aircraft or VGG-Flowers due to the relative difficulty of

the pretext task.

For Instance Discrimination, counterintuitively, downstream accuracy is not
correlated with pretext loss (Figure 2.7B). Our proposal is thus not the complete

picture.

Linear separability: The above discussion assumes that the relationship be-
tween the pretext task and the downstream task is the key. But what if the
downstream task is immaterial? Pretext tasks might be succeeding by simply
enabling all tasks, by creating a feature space where many labelings of the data
points are expressible as linear classifiers. To test this hypothesis, we retrain lin-
ear classifiers with randomly shuffled training labels and compare this (train-
ing) accuracy to the training accuracy with correct labels. We find that these

quantities are more correlated for Jigsaw than Instance Discrimination or Ro-
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Figure 2.7: (A) Generalization of the pretexts to novel classes is plotted on

the x-axis, calculated as %’m, where Train/Val0.5 contain
only half the classes of their usual counterparts. On the y-axis
is downstream accuracy normalized by Supervision accuracy

for the regqularly trained model, e.g. %{*jﬁf‘”. We see a strong cor-
up

relation for Rotation, but none for Jigsaw. (B) Instance Discrim-
ination pretext loss vs. downstream classification accuracy, no
significant correlations. Marker area indicates dataset size and
color the domain grouping.

Table 2.3: Pearson correlations and p-values for training accuracy with
random labels vs. normal. Jigsaw and ID have significant corre-
lations, while Rotation trails substantially

Jigsaw Inst. Disc. Rotation.

(r,p) 0.59 0.02 0.46 0.07 0.45 0.08

tation (Table 2.3), per task decreased are shown in Figure 2.8. This means that
Jigsaw succeeds more by learning generic feature descriptors of images rather
than by capturing semantics specific to the downstream task, while this is less
true for Rotation or Instance Discrimination. Note that here we are talking of
the training accuracy, or the empirical risk; this experiment does not reveal how

or why pretext methods generalize to data not in the training set.
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Figure 2.8: Difference between normal and random label training accu-
racy. Note that even though Instance Discrimination had lower
average validation accuracy than Rotation across all datasets,
they actually had similar (normal label) average training accu-
racy at 56% (Jigsaw had 47%).

2.6 Feature Space Exploration

The discussion above suggests the virtue of analyzing the learnt representations
independent of the downstream task. Below, we look at the intrinsic dimension-

ality of the learned representations, and the resulting notions of similarity.

2.6.1 Implicit Dimensionality of the Representations

The dimensionality of the representation is largely regarded as a hyperparam-
eter to be tuned. Kolesnikov et al. show that a larger representation is always
more useful when operating on large datasets, but this comes with a tradeoff of
memory /storage[100]. What has not been studied is the implicit dimensionality
of the representations, such as via Principal Component Analyis (PCA). Intu-
itively, one would expect the 4-way Rotation task to produce compact represen-

tations, with Instance Discrimination using all available dimensions to spread
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Figure 2.9: Plot of the average fraction of explained variance vs. num-
ber of principal components (validation sets); a higher number
means greater explanation, and thus relatively lower implicit
dimension. Bach is omitted due to its extremely small size

out the points as the loss demands. We find that this is not the case, via per-
forming PCA on the representations and summing the explained variance of
the first n values averaged across all datasets (Figure 2.9). We also find that
the implicit dimensionality induced by each pretext varies considerably across

domains (Figure 2.10).

Surprisingly, Instance Discrimination and Rotation have extremely similar
implicit dimensionality in the 256-dimensional case. Also note that Instance
Discrimination clearly is not fully utilizing the available latent space, as the first
40 components explain over 95% of the variance. In the higher-dimensional

example, Rotation has by far the largest implicit dimensionality.

We next investigate the effect of dataset size on implicit dimensionality. Intu-
ition says that a larger dataset would demand a more expressive representation
on every task, and we see in Figure 2.10 that this indeed holds true for all tasks

except for Jigsaw. We hypothesize the lack of dimensionality increase for Jigsaw
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Figure 2.10: The fraction of variance explained by the first 10 components
vs. the log of the training set size. Top row is training PCA,
bottom row is validation PCA. Moderate to strong correla-
tions exists for all pretext tasks besides Jigsaw. Marker area
indicates dataset size and the colors are domain groupings.

is because it exploits relatively low-level attributes instead of semantic knowl-

edge.

2.6.2 Nearest Neighbors

As seen in Figure 2.5, the nearest neighbors in feature space can yield great
insight into the inner workings of our models. We repeat this experiment for all

of our main methods on three datasets (CUB, Omniglot, Kather) in Figure 2.11.

CUB: The strong pose-capturing of Rotation is again observed. Jigsaw ex-
hibits similar phenomenon slightly more weakly, and also favors similarly clut-

tered edge-heavy backgrounds as in the base image. Instance Discrimination
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appears to have reasonably matched the species in the first and tenth neighbor,

but in between has many unrelated birds.

Omniglot: The poor performance of Autoencoding is reflected in its match-
ing ability. Rotation exhibits strong retrieval, with Jigsaw offering similar but
weaker results. Instance Discrimination is a similar case to CUB, where a dis-

cernable trend is hard to spot, but several correct characters are matched.

Kather: No method improved much on random initialization (79% accu-
racy). Reflectively, Autoencoding, Jigsaw, and ID all simply match reasonably
visually similar results. Rotation, however, failed catastrophically (<60% accu-
racy), despite high pretext accuracy (95% testing). We hypothesized that the
pretext was exploiting a spurious cue, which is affirmed by radically varying

neighbors.

2.7 Conclusion

In this work, we have for the first time explored the notion of self-supervised
learning in small-scale images in novel domains, identifying three domains
where all current self-supervised methods have need of development: fine-
grained, textural, and biological domains. In addition, we have revealed in-
triguing properties of the pretexts and the corresponding learnt representations,
whose impact deserves further study. We hope that the release of our codes,

models, and formatted dataset splits will help aid progress on all of these fronts.
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CHAPTER 3
LEARNING RICH NEAREST NEIGHBOR REPRESENTATIONS FROM
SELF-SUPERVISED ENSEMBLES

3.1 Introduction

The widespread application of pretrained convolutional neural networks in
computer vision is one of the most important tools in the field. State-of-the-
art on many benchmarks ranging from classification, to object detection, to pose
estimation has been set using a pretrained model, such as an ImageNet classi-
tier, as a network initialization [101, 76, 29, 72, 99]. Transfer learning is an entire
tield focused on studying and utilizing this phenomenon. While supervised Im-
ageNet classifiers were the dominant feature extractors of choice for many years,
recently self-supervised models have begun to take their place. Methods such
as MoCo(v2), SimCLR(v2), SimSiam, PIRL, Swav, BYOL, and Barlow Twins all
claim transferability competitive with or superior to that of ImageNet classifiers
[76, 31, 29, 30, 32, 133, 25, 72, 236]. As such, the question of what initialization
to use has arisen; benchmark studies have sought to compare methods under
dozens of different settings [70, 240]. Even when a decision has been made to
use a particular feature extractor, the utility and knowledge of other options is

then left unutilized.

To address this concern, we consider ensembling, a common practice in the
supervised setting [49, 79]. Ensembling models involves combining the predic-
tions obtained by multiple different models in some way, typically by averaging
or a similar operation. In the supervised setting, such outputs are aligned and

such an operation easily captures the combined knowledge of the models. In the
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self-supervised setting, however, such alignment is not guaranteed, particularly
when dealing with independently trained contrastive learners which many pre-
trained models of choice are. Averaging the features still is useful, and obtains
reasonably strong image representations (Section 3.4), but we show that it is pos-
sible to build an ensembling strategy that yields richer, stronger representations
than the mean feature. We do so without training any new CNN components,

allowing for the same frozen backbone to be used across applications.

How to approach ensembling in the self-supervised setting? We contend
that the goal of a model ensemble is to capture the useful information provided by the
different models in a single representation. We consider the “capture” of informa-
tion from a recoverability perspective: if every network’s features can be recov-
ered by some fixed operation on a representation vector, for all data samples,
then such representations are useful. While concatenation of features can triv-
ially achieve this object, we show that such an operation is in fact suboptimal in
terms of the behavior of the derived feature space. We instead propose to directly
learn via gradient descent a set of representations that contain all of the infor-
mation necessary to derive the ensemble features. Our architecture is shown
in Figure 3.1, with example pseudocode in Algorithm 1. Specifically, we show
that extracting features from an ensemble of self-supervised models using this
technique improves the nearest neighbor (NN) performance when evaluated on

downstream supervised tasks.
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Figure 3.1: A schematic of our method. We wish to ensemble M feature
extractors over a training dataset of n images, M MLPs are ini-
tialized as well as representations for each of the n images. The
training objective is for all of the features of the M models to
be recoverable by feeding the learned representations through
the respective MLP. The MLPs and learned representations are
simultaneously optimized via gradient descent, using a cosine
loss. At inference time, the MLPs are frozen, and solely the im-
age representation is optimized.

3.2 Related Work

Supervised ensembling: It is a ubiquitous technique in machine learning [49].
In addition to the large number of online contests won through such approaches
[5], ensembling has also been demonstrated to achieve state-of-the-art perfor-
mance on standard computer vision benchmarks [82]. Most approaches em-
ploy Bayesian ensembling, where the predictions of separate networks are av-
eraged [219, 79, 49]. While this relied on the alignment of objectives between
the networks, we show that such an averaging on the intermediate features

does indeed generate representations superior to that of individual models. Our
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Algorithm 1: PyTorch-like pseudocode of our method

# Training Phase
# Initialize representations to average feature
train_feature_list = [net (images) for net in ensemble]
avg_feat = average(train_feature_list) # shape = (n_points x feature_dimension)
learned_train_reps = Parameter (avg_feat.detach()) # initialize params with avg_feat
mlps = [MLP () for net in ensemble] # 1 net per feature extractor
opt = SGD (mlps.parameters() + learned_train_reps) # optimize both mapping MLPs and input
representations
for images_idx, images in trainloader:
ensemble_feats = [net (images) for net in ensemble] # Get ensemble features
outputs = [mlp(learned_train_reps[images_idx] for mlp in mlps] # Map learned representations
through different MLPs
loss = cosine_loss (ensemble_feats, outputs)
loss.backward ()
# Inference Phase
test_feature_list = [net (images) for net in ensemble]
learned_test_reps = average (test_feature_list)
opt = SGD(learned_test_reps) # Freeze MLPs at inference time
for images_idx, images in testloader:

# Same as training loop

MLP(): a multi-layer perceptron model
Parameter(t): Pytorch function that takes the argument array t and initializes trainable parameters with that value

method differs from this literature, however, in the learning done on top of the

ensemble as well as the no-label setting of our representation learning.

Knowledge distillation [79]: This is a related vein of work is that of where
the knowledge of an ensemble is distilled into a single neural network, or a
single model is distilled into another network. This second version, known as
self-distillation [241], is highly relevant to our single-model setting, as we are
able to obtain improvements while operating purely in the feature space of a
single model. Our goal is not to discard the ensembled models as it is in knowl-
edge distillation, but our method bears similarities to that of Hydra [124], where

a network is trained to output representations capable of recovering the ensem-
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bled outputs. We note that our resulting accuracies consistently surpass average
ensembling, a baseline that Hydra considers as an upper-bound to their method
(but the differing settings do not lend themselves to apples-to-apples compar-

isons).

[226] propose a self-supervised knowledge distillation algorithm that uses
both supervised and self-supervised loss to train a teacher network, and then
distill this combined knowledge to a student network. They show that this
combination improves the student performance compared to traditional KD. In
contrast to their work, our goal is not to learn a separate student network and
we do not assume access to labeled data, but instead, our main goal is to ex-
tract rich nearest neighbor representations from an ensemble of self-supervised

models.

k-Nearest neighbor (k-NN) classifiers: k-NN is a non-parametric classifier
which has been shown to be a consistent approximator ([48]), i.e., asymptoti-
cally its empirical risk goes to zero as k — oo and k/N — 0, where N is the
number of training samples. While these theoretical conditions may not be true
in practice, a main advantage of using k-NN is that it is parameter-free outside
of the choice of k (which typically does not change qualitative rankings) and
thus is a consistent and easily replicable measurement of representation quality.
Additionally, &-NN makes the decision process interpretable [147, 42], which
is important in various applications [129, 197, 61]. For these reasons, our pa-
per focuses on extracting rich features from self-supervised ensembles that are

condusive to k-NN classification.

On a related note, SLADE [53] leverages unlabeled data to improve distance

metric learning, which is essentially the setting of our evaluation framework.
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While the goal is similar, SLADE uses supervised training to initialize learning
and generate pseudolabels for the unlabeled points, our method assumes zero
label access. Additionally, SLADE is concerned with learning a new network

from scratch, as opposed to an ensembling framework.

Pretrained Models: Our method relies on the efficacy of pretrained self-
supervised models. Specific methods we employ are SImCLR, SwAYV, Barlow
Twins, RotNet, PIRL, as well as traditional label supervision. In addition to
the above works: [70, 240, 99] benchmark and demonstrate the generalization

efficacy of pretrained models in various settings.

Gradient descent at inference time: One atypical facet to our method is
the use of gradient descent at inference time to directly learn new representa-
tions. While this approach is quite uncommon, we are not the first to lever-
age backpropagation at inference-time. [234] uses backpropagation at inference
time to learn representations from images using a generative “auto-decoder”
framework and [148, 170] employ similar approaches to learn implicit represen-
tations of shapes. [182] considers new samples as one-image self-supervised
learning problems, and perform a brief optimization of a self-supervised learn-
ing objective on a new image (modifying the feature extractor’s parameters)
before performing inference, and [168] train a CNN at test-time for the purpose

of super-resolution.

3.3 Methods

We present a method for directly learning rich ensembled unsupervised repre-

sentations of images through gradient descent. Consider a training collection
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of images X = {x;}!_, and an ensemble of convolutional neural networks feature
extractors © = {#;}L,. In this work the 6; have previously been trained in a self-
supervised manner on ImageNet classification and are ResNet-50s [163, 77]. De-
note the L2-normalized features obtained by removing the linear/MLP heads of
these networks and extracting intermediate features post-pooling (and ReLU) as

Z = {{ZE'/ )};’:1 }’j’.’: ,» here zﬁj ) denotes the intermediate feature corresponding to 6;(x;).

We initialize a memory bank of representations of X, with one entry for each
x; these entries have the same feature dimensionality as the z/. This memory
bank is analagous to the type use in early contrastive learning works such as
[220]. We denote this memory bank ¥ = {yy}}_,. Each y; is initialized to the
L2-normalized average representation of the ensemble y; = Ié;,n_—ljill' note that

the sum operation is equivalent to averaging due to the normalization being

performed.

To map the memory bank to the ensembled features, we employ a set of
multi-layer perceptrons (MLPs), ® = {¢.}).,, each corresponding to a feature
extractor 6;. Unless noted otherwise in our experiments, these ¢, are 2 layers,
both of output dimension the same as their input (2048 for ResNet50 features).
ReLU activations are used after both layers, the first as a traditional activation

function, and the second to align the network in mapping to the post-relu set Z.

During training, a batch of images {x;};c; are sampled with indices 7 c {1...n}.
The corresponding ensemble features, Z; = {{zﬁj )}ig}T:], are retrieved as are the
memory bank representations ¥, = {Yy}r;. Note that no image augmenta-
tions are included in our framework, meaning that the z\’ ! are typically cached
to lessen computational complexity. Each banked representation is then fed

through each of the m MLPs, @, resulting in a set of mapped representations
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O(Y)) = {pe(Wi)}eeti..myier- The goal of the training is to maximize the alignment
of these mapped features ®(\¥;) with the original ensemble features Z;. This is
done by training both the networks ® and the representations ¥ using a cosine
loss between ®(¥)) and Z,, gradients are computed for both the MLPs and rep-

resentations for each batch.

Once training is completed, the ¢, are frozen. During inference, when a new
image x’ is given, the above process is repeated with the frozen MLPs. Con-
cretely, the ensemble features ¢,(x") are computed and averaged to initialize a
new representation y’. ¢’ is then optimized via gradient descent to maximize
the cosine similarity of each ¢.(y’) with 6,(x"), ¥’ then serves as our representa-

tion of x’.

The described method results in representations superior to either the average
or concatenated feature in terms of nearest-neighbor accuracy. We highlight several

exciting aspects of our method:

¢ The learning of a representation at test time via gradient descent is an
uncommon approach. Existing methods do exist, such as auto-decoders
in [234] or implicit 3D representation literature [148, 170]. There are also
techniques, such as [182] for generalization, which use gradients to shape

the parameters prior to inferenc.

* The vast majority of ensembling literature focuses on the supervised setting,
where the training objectives of the ensembled networks are identical and
thus aligned. Very little work has been performed on improving a group
of self-supervised features with outside auxiliary signal. Hydra [124] con-
siders a similar setting, but with a focus on knowledge distillation of the

ensemble into a single network.
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* Our method is extremely adaptable to different settings. Networks trained
on multiple objectives, with different head architectures, can be usefully
ensembled as demonstrated in Sec. 3.4. This could trivially be extended
to using networks of different architectures as well (e.g. VGG + ResNet
+ AlexNet) [169, 77, 104]. The flexibility of our approach additionally
extends to the input data. While we use networks pretrained on Ima-
geNet, the ensembling provides benefit on both ImageNet as well in the self-
supervised transfer learning setting. This transfer can either be performed
by training new ® on the target dataset or by training ® on ImageNet and

then using the frozen MLPs to learn representations on the target dataset.

* Our method as presented requires only a single forward pass of each image
through each ensembled model as we do not use data augmentation. This

allows caching of CNN features and fast training.

3.3.1 Technical Details

Models The MLPs are as previously described. The pretrained ensemble ©®
consists convolutional neural networks (all ResNet50s with features extracted
between the stem and head of the network) that have had pretraining on Im-
ageNet. The method used in said pretraining varies and is a subject of study
in this work. Methods considered include SimCLR(v2), SwAYV, Barlow Twins,
PIRL, Learning by Rotation (RotNet, [60]), and supervised classification. Pre-
trained models are obtained from the VISSL Model Zoo [68].

Data For our ImageNet experiments, we use the standard ILSVRC 2012 [163]

training/validation split with per-channel normalization. We additionally in-
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clude several datasets to evaluate the efficacy of our method in a self-supervised
transfer learning setting. These datasets are CIFAR10/100, Street View House
Numbers (SVHN), Food101, and EuroSat with splits as provided by VISSL, the
same per-channel normalizations are used when inputting these images into the

pretrained 6, [103, 139, 18, 78]. No data augmentations are used in this work.

Training Adam optimizers with a learning rate of 3- 10~ are used throughout
all experiments with batch sizes of 4096 for all ImageNet training and 256 on
all other settings [98]. For ImageNet experiments, 20 epochs are performed for
both training and inference, otherwise, 50 epochs are used. In practice, we find
it useful to warmup the MLPs (®) for half of the training epochs before allowing

the learned representations to shift from their average initialization.

Evaluation We employ k-nearest neighbor (k-NN) evaluation throughout to
measure the quality of features, qualitative comparisons remain constant un-
der variance in the choice of k. The choice of k-nearest neighbor is made as
it is a parameter-free evaluation method that requires minimal tuning. Under
regularization-free linear evaluation transfer learning, our ensembled features
outperform both our ensembled feature baselines as well as their component
state-of-the-art transfer learning models (e.g. SimCLR). Under heavy regular-
ization cross-validation as standardized in self-supervised learning works such

as [72, 101], however, these gains are inconsistent (see Section 3.4.4).

Baselines We compare against several ensembling baselines throughout this

work.
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Figure 3.2: Nearest neighbor accuracies on the validation split of Ima-
geNet. Our method improves over all baselines by over 2%.

)

* Concatenation: for image x; the concatenation of all z;” into a single vector

c 2048m
zeR

m o J
Zj=1 73

— (the initialization of our learned V)
1=, 2l

* Averaging: the average feature

* Individual: a single model of the ensemble being used (in each case we

detail specifically which model this is).
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Figure 3.3: Our method applied to non-ImageNet datasets, leveraging
the generalization of our pretrained feature extractors. Perfor-
mance is improved across all datasets.

3.4 Results

3.4.1 Ensembling

In Figures 3.2 and 3.3, we use our method on an ensemble consisting of 4
SimCLR models. Figure 3.2 demonstrates the efficacy of our method on the
source dataset, ImageNet. All of the ensembled models were trained in a self-
supervised fashion on this source, but our method extracts an additional 2% of

performance, increasing the nearest-neighbor accuracy to over 58%.

In Figure 3.3, learning is performed on novel datasets, this can be thought

of as self-supervised transfer learning. Labels are not made available until eval-
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uation time, and then only to measure the k-NN accuracy. Using the frozen
SImCLR features extractors, our model learns representations which achieve
over 2.5% higher k&-NN accuracy on average, with a smallest win of 0.6% (over

Averaging on EuroSat).

We employ different types of ensemble in Figures 3.4 and 3.5. Figure 3.4 em-
ploys an ensemble consisting of five differently trained self-supervised models:
Barlow Twins, PIRL, RotNet, SwWAYV, and SIimCLR. These represent various ap-
proaches to self-supervised learning: SwAV and SimCLR are more standard
contrastive methods, while Barlow Twins achieves state-of-the-art performance
using an information redundancy reduction principal. SwAV is a clustering
method in the vein of DeepCluster [24] and RotNet is a heuristic pretext from
the family of Jigsaw or Colorization [142, 243]. Here we use Barlow Twins as
the “Individual” comparison as it notably achieves the highest individual --NN
accuracy on every dataset. This setting is intriguing from two different per-
spectives: firstly, the varying strengths of the underlying ensembled models is
challenging as noisy signal from the weaker models can drown out that of the
strongest; second, the varied pretraining methods results in different strengths.
For example, RotNet is by far the weakest model of the ensemble with an av-
erage transfer k-NN accuracy almost 10% lower than any other model. How-
ever, on SVHN (a digit recognition task), it performs very well, beating all non-
Barlow methods by over 4% (the efficacy of such geometric heuristic tasks on
symbolic datasets as previously been noted in [202]). Our model seems to bene-
tit from this, achieving its largest win over Barlow Twins (8.2%) on this dataset.
This demonstrates the ability of our model to effectively include multiple vary-

ing sources of information.
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Figure 3.4: Ensembling varied models. We observe that our method
seems to capture specialties/strengths of the component fea-
ture extractors, particularly the symbolic-dataset efficacy of
RotNet.

In Figure 3.5, we consider the effect of using our method on a supervised
ensemble. While the pretraining goals of these models are aligned and thus
traditional techniques (e.g. prediction averaging) could be used, we demon-
strate that our model successfully improves upon the ensembled intermediate

features further demonstrating its agnosticity towards pretraining tasks.

3.4.2 Efficacy on Individual Models

While our method is designed as an ensembling technique, we discover that
it is surprisingly effective when employed on a single model. These result are

quite remarkable, as the improvement of features without access to their corre-
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Figure 3.5: Despite not utilizing the consistency of the supervised classi-
fication objective, our method effectively combines supervised
models to improve upon the performance of all other ensem-
bles considered.

sponding images or additional supervision is quite challenging. This setting is
especially remarkable as here the input initialization and targets are identical; we
find that the MLP, ¢, does not converge to a perfect identity function during
the warmup period and the movement of the representations ¢ in fact help en-
able near-perfect target recovery. In the inference stage, the MLP output of the
average feature is close to identity (0.97 cosine similarity), but only by learn-
ing the representation through gradient descent does the similarity improve to
near-perfect (0.99+) similarity. We discuss possible reasons for this behavior in

Section 3.5.

In Figure 3.6, we see that our “ensembling” technique benefits all individ-

ual models substantially (1.8, 1.3 and 0.4% respectively) when our represen-
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Figure 3.6: Paralleling the efficacy of self-distillation [241], our “ensem-
bling” method proves to provide performance gains even
when just one model is employed.

tations are trained on ImageNet. Given the degree to which the original self-
supervised models” objectives are optimized, the margin of the improvement
is quite impressive. This benefit carries over the self-supervised transfer learn-
ing as well (Figure 3.7). Here we use our method in conjunction with a Barlow
Twins model. Our method offers a mean k-NN accuracy gain of over 1%, once
again despite no additional information, augmentations, or images being made avail-

able besides the CNN’s features themselves.

While this gain is relatively minor, we show that superiority to the baseline
features is maintained across a wide range of hyperparameter choices. In Fig-
ures 3.8 and 3.9 we examine the robustness of our method (Single Barlow Twins

Model on varied dataset benchmark) to choices of learning rate and batch size.
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Barlow Twins Single Model
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Figure 3.7: We experiment with a single Barlow Twins model on our gen-
eralization benchmark. Performance is gained on all datasets,
with a mean improvement of over a full percent.

We find that superior performance to the baseline is maintained across a wide
choice of settings (despite this being one of the settings where our margin of
improvement is the smallest) and that there is in fact room for further per-task

optimization via cross-validation of hyperparameters.

3.4.3 Transferring MLPs from ImageNet

So far we have only considered the scenario where the MLPs, ®, are trained
on the same dataset as the representations ¥, where inference is ultimately per-
formed. This is not a necessary assumption of our framework, however, once

MLPs are trained on a dataset they can be re-used to learn representations ¥
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Figure 3.8: Mean per-dataset accuracy, single Barlow Twins model on var-
ied dataset benchmark. Learning rate ablation.
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Figure 3.9: Mean per-dataset accuracy, single Barlow Twins model on var-
ied dataset benchmark. Batch size ablation. Linear learning
rate scaling rule followed.

on arbitrary imagery. We conduct experiments where @ is trained on ImageNet
(specifically those generated for use in Figures 3.2 & 3.6) are re-used in the trans-
fer setting. Because the MLPs are frozen, no parameters of any networks are
being changed during training, solely the representations ¥ are being learned.

The results of these experiments are shown in Figures 3.10 & 3.11.

In the ensemble setting, the performance is largely maintained when re-

using MLPs from ImageNet. Both method (Ours (Standard) and Our (Transfer
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Figure 3.10: The MLPs do not necessarily need to be trained on the tar-
get dataset, but can be transferred from ImageNet to other
downstream datasets. Here no parameter tuning is done on
each dataset, gradients are computed solely to directly learn
the representations. We find in fact that this transfer approach
maintains the performance of directly learning new MLPs.

MLPs)) are still superior to the baselines across all datasets. This result is in-
triguing, as the observed ensemble gains are relatively large, and this method
requires no pretraining on a targeted transfer set, simply inference via gradient
descent of ¥; such generalization properties are a part of what makes the base

pretrained models so valuable in application.

In the single-model setting, the Barlow Twins model + MLP trained on Im-
ageNet is re-used across transfer datasets. Here we see a notable decline in
performance, but the transferred model still maintains improvement over the

baseline on 4 out of 5 datasets (all but EuroSat).
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Figure 3.11: In the single-model case, transferring ¢ still provides benefit
over the baseline, but is less effective than learning the MLPs
per-dataset.

3.4.4 Cross-Validated Linear Regression

We follow a protocol similar to [72, 101]. A validation subset (10% of the train-
ing set) is sampled and held out during training. Training on the remaining
90% of the data is performed for a hyperparameter sweep with performance on
the validation subset being measured. We employ an SGD optimizer for 1000
epochs with a batch size 4096 and learning rate 1.6. A weight decay sweep
of 1 € {le—6,le —5,1e — 4,1e — 3, 1le — 2} is performed. Results are shown in
Figure 3.12. We see that our method in the single-model setting suffers substan-
tially compared to the baseline. In the ensembled setting, there is still improve-
ment on-average, but the gains are much more inconsistent than under k--NN

evaluation. While this is a current limitation of our model the benefits under
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Figure 3.12: Linear regression accuracies with cross-validated L2-
regularization. Relative performance of our method is worse
compared to the k-NN evaluation setting.

k-NN indicate a fundamental utility in our ensembling method to learn new

reprsentations.

3.5 Analysis

3.5.1 Deeper ® Regularize ¥

One hypothesis for the efficacy of our method in the single-model setting is that
¢ acts as a regularizer. The findings of [8] demonstrate that stochastic gradient
descent in deep neural networks tends to recover low-rank solutions when per-
forming matrix factorization, this helps to explain the generalization properties
of deeper networks: deeper networks lead to simpler solutions which tend to

generalize better. This relates to our method, as our improvements hinge upon
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Figure 3.13: Ablation of MLP depth, possibly suggesting that the low-
rank tendency of deeper networks serves as a regularizer on
the learned representations. This results in improved repre-
sentation quality with network depth up to 6 layers.

the network ¢ not learning a perfect identity function during warmup; if it did,
then the gradients with respect to ¥ would vanish and no change of represen-
tation would occur. [8] suggests then that a deeper network might improve the
ultimate quality of ¥, as the points would need to be recoverable by a lower-

rank MLP.

We confirm this phenomenon in Figure 3.13 by varying the depth of ® from 1
to 8 layers while learning representations directly on our varied dataset bench-
mark using a Barlow Twins model. Increasing depth improves accuracy incre-
mentally over a total of ‘% on average until the network is 6 layers deep, more
than triple that of our default setting. Some but not all of this performance
boost is recoverable by adding in small amounts of traditional weight decay

(e.g. le — 6) to the parameters of the MLP.
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Figure 3.14: Sorted singular value curves for our method vs. the baseline
features in an apples-to-apples setting (learning ¢ restricted
to non-negative). Our method learns features with a more
balanced set of singular values, indicating a more uniformly
spread bounding space.

3.5.2 Behavior of Model

Now that we have established a partial explanation of why our model works, by
learning representations which preserve information under the regularization
of an SGD-learned deep network, we now investigate what specific changes

our method makes to the feature space.

First, in Figure 3.14, we examine the distribution of ¥. We do so by training
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Figure 3.15: The normalized maximum similarity (measure of how close
each test point’s nearest neighbor in the trainset is relative to
average) for each method-dataset pair. Dashed lines indicate
the median for each distribution We see that the proposed ap-
proach generally has higher normalized maximum similari-
ties, indicating relatively tighter clustering behavior.

representations from a single Barlow Twins model similar to previously, with
the important distinction that we restrict our points to be non-negative (i.e. in
the first n-tant of feature space), to make an apples-to-apples comparison to the
baseline features. We examine the singular values of this (constrained) feature
matrix compared to that of the original features. In general, the singular value
distribution of ¥ are less heavy-tailed: meaning the volume occupied by the
features is larger and more uniform in each dimension than the baseline fea-
tures. This is an indication of ¥ learning a regularized form of the original Z.
The above finding indicates that the feature representations are spread out as a

result of the learning process.

We also investigate what happens to clusters in Figure 3.15. Here we wish to
investigate what happens to clusters. We examine this again through the lens of
nearest-neighbors: for each y; in the test set, we calculate the maximum cosine
similarity of points in the train set. This maximum similarity is then normalized
by the mean similarity for each method-dataset pair. The resulting normalized

similarity provides a measurement of how relatively close points are to their
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nearest neighbor vs. an average pair of points (with a higher value indicating
relative closeness). Histograms of this metric are shown in Figure 3.15. For 4
out of the 5 datasets, our method results in tighter neighbor matchings than the
baseline. Intriguingly, the one dataset for which this does not hold is EuroSat,
is also the dataset where our models consistently yielded the lowest benefit.
These findings suggest that our methods success is partially attributable to ac-
centuation of existing clusters in the dataset. It is interesting to note as an aside
that the mean pairwise similarity across the entire dataset is significantly lower
for our method, cementing the findings from Figure 3.14 that the features are
more distributed across space. In summary, the findings suggest that our meth-
ods success is partially attributable to accentuation of existing clusters in the

dataset.

3.6 Discussion

In this work, we presented a novel self-supervised ensembling framework
which learns representations directly through gradient descent. The intuition
behind our method is to capture all of the knowledge contained in the ensem-
bled features by learning a set of representations from which the former are fully
recoverable. We demonstrated the efficacy of our method in Section 3.4 and an-
alyzed causes and effects of the representation improvement in Section 3.5. We
hope that this work lays the groundwork for further forays into the problem
of utilizing combinations of the powerful pretrained models that are becoming

plentiful in the computer vision literature.

As previously noted, while we demonstrate improvement under k-NN in
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this paper the average feature baseline surpasses our method under linear eval-
uation when regularization is heavily optimized under a grid sweep as stan-
dardized in [72, 101]. We tried applying various regularizations during MLP
training, including traditional L2 weight decay, L1 regularization of ¥, the di-
mensionality of ¥, and the depth/width of the MLPs ®. While some of these
modifications further increased the k-NN performance improvements, when
representations were evaluated under linear regression with cross-validated

regularization none consistently surpassed the average ensemble baseline.
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CHAPTER 4
CAN WE CHARACTERIZE TASKS WITHOUT LABELS OR FEATURES?

4.1 Introduction

Transfer learning is key to the success and popularity of computer vision. The
features from a convolutional neural network (CNN) trained on one task can
be incredibly useful across a broad variety of tasks[202, 181, 192, 114]. Even
larger performance gains can be obtained by selecting a pretrained model more
specially suited to the task at hand. This behavior has been studied in past
work[39], but only recently has attention turned to how to determine which spe-

cialized model is appropriate for a given task[4].

The key to such model selection is characterizing tasks and their relation-
ships. What does one need to characterize a task? A priori, it seems that we

need to characterize two things:

1. The input, characterizing which requires a dataset of images, and features
to represent them, and

2. The output, characterizing which requires labels for the dataset.

Current approaches to characterizing tasks synthesize both sources of infor-
mation. Task2Vec[4], for example, trains a linear head on top of a pretrained
tfeature extractor and uses the Fisher information associated with the resulting
model to generate a vectorized embedding. Decisions such as choosing the best
pretraining task for a target task can then effectively be made using retrieval-like

techniques with this embedding.
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But how much of these accurate decisions come from characterizing the input
domain alone, and how much comes from knowledge of the precise task? This
question has important practical considerations. For example, suppose we want
to choose a pretrained representation for analyzing x-ray images. We may not
yet know what we want to recognize in x-ray images. In fact, we may want
a pretrained representation suitable for any kind of x-ray image analysis, even
those we haven’t conceived yet. In such cases we are interested in characterizing
only the general problem domain, and do not have particular labels (yet) that we
are interested in. This raises the question: Can we characterize tasks without

labels?

As our first contribution, we answer this question in the affirmative. To ad-
dress this problem, we introduce PseudoTask: a modification of the Task2Vec
algorithm that replaces labels with pseudolabels output by an image classifier
trained in a generic source domain. While these pseudolabels are definitely in-
correct due to domain misalignment, they prove discriminative enough to be
quite useful in characterizing tasks. Empirically, we find that PseudoTask em-
beddings are as accurate as supervised Task2Vec embeddings, indicating that one

can characterize tasks effectively even without labels.

Key to this performance, as also to the performance of Task2Vec, is the in-
ductive bias provided by the pre-trained feature representation. However, this
inductive bias may prove harmful as the task domains move farther away from
the domain where the feature extractor is pretrained [202], making it risky to
rely so heavily on such feature representations. This raises a second question:

can we characterize tasks without features?

We answer this too in the affirmative. We design a method called Task Tan-
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gent Kernel (TTK) that measures task similarity using the gradients of randomly
initialized networls. TTK does not use pretrained probe networks at all. Despite this
lack of inductive bias, it provides useful selections as well, at less than half the

error of PseudoTask and Task2Vec with random feature extractors.

In sum, this paper introduces two new techniques for characterizing tasks

that lift some of the restrictive assumptions of prior work (Figure 4.2):

1. We introduce PseudoTask, a new way of characterizing tasks without la-
bels, allowing one to characterize problem domains in general. We find
PseudoTask performs almost the same as Task2Vec, indicating that labels
are in fact not necessary.

2. To avoid the potentially mismatched inductive bias of pretrained feature
extractors, we introduce Task Tangent Kernels, which characterizes tasks

effectively even without such feature extractors.

4.2 Related Work

Previous work has studied why pretrained models transfer so well[245, 101],
the tradeoffs between specialization and scale in pretraining[39] and how con-
current multitask learning can benefit performance[235]. Task2Vec[4], the work
that this paper builds off, studies the problem of automated model selection, as
does [86]. [172, 2, 109] recommend algorithms for various problems using “Ac-
tive Testing”, intelligently adapting exploration based on results. Such types
of approaches are inherently more limited computationally than embedding-

based methods. [212] predicts per-image performance for single models, while
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[55, 140] characterize performance per-dataset. [126, 242] deal with the problem
of model recommendation for action recognition and object detection respec-
tively, but require some degree of performance evaluation on the new task in

order to provide a recommendation.

Transfer learning has been increasingly optimized, with recent advances
detailed in [99]. The problem of expert selection has analogs to image re-
trieval, examples of which include[162, 10]. Other works measuring distances
between domains include evaluating the biases between semantically similar

datasets[186] and measuring temporal domain shifts in datastreams[97]

Our PseudoTask framework draws heavily on pseudolabeling for semi-
supervised learning, such as in [108]. Parts of our training setup are very sim-
ilar to that of self-training, such as for few-shot transfer or semi-supervised
learning[153, 223]. PseudoTask can be considered a form of self-supervised
training such as [60, 142, 29, 72, 76]. The Task Tangent Kernel is inspired
by Neural Tangent Kernel literature, originating with [83] and developed in
[112,9, 143].

4.3 Problem setup

A task T = (X7, Yr) consists of a domain of images Xr = {x;};”, and correspond-
ing labels ¥ = {y;}}’,. An expert ©; = (¢r,hr) is a dedicated neural network,
consisting of a feature extractor ¢r and a head /7 that is trained on a task 7.
Suppose that we have a bank of tasks 7', ..., Ty, and have already trained a cor-
responding bank of experts ©r,, ..., 0r,. Then, when we encounter a new task

T’, instead of training a model from scratch, we may want to choose a pretrained
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Figure 4.1: Tasks consisting of images and possibly labels are embedded
into a vector space. When a new task is introduced, a new em-
bedding is calculated and compared (using a modified cosine
distance) to the bank of previous embeddings. The closest em-
bedding is selected to use as pretraining for the new task.

expert Or,, use its fixed feature extractor ¢r, and train a linear head to solve the
new task; see Figure 4.1. The goal of expert selection is to pick the best pretrained

expert for the target task.

4.4 Background: Task2Vec

Our work builds on Task2Vec[4], a recent approach that tries to characterize
tasks and embed them in a useful way. Task2Vec tries to characterize both the
input domain, as well as the semantic information carried by the labels. The key
intuition behind Task2Vec is that we can try to solve the task with a moderately
effective but generic off-the-shelf feature extractor (e.g., trained on Imagenet)
and then see which parameters of the feature extractor most impact the perfor-
mance. Task2Vec posits that tasks which are sensitive to the same set of feature
extractor parameters are likely to be “similar” to each other, especially in terms

of what they demand out of pretrained features.
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Concretely, Task2Vec trains a linear layer on top of the off-the-shelf feature
extractor (called a “probe”) for the task in question. It then computes the Fisher
Information Matrix (FIM), which is known to measure the sensitivity of the loss
to the parameters of the model. Denoting by p,,(ylx) the output distribution of
trained model p,, with weights w, and by p(x) the data distribution, the FIM is

defined as:

F = Ex,y~f7(x)pw(y|x[vw log pw(ylx)vw log pw(ylx)T] (41)

Task2Vec estimates F using a variational approach that amounts finding the

optimal weights W and precision matrix A that minimize the following objective:

Lw, A) =E,, nw.m[Lee(Xr, Y7, pu)]+
4.2)

BKL(N(0, A)IN(0, 221)

Here L¢g is the cross entropy loss over the dataset and A is a hyperparameter.
Achille et al. prove that the solution to thisis A = F + ‘%21 . Task2Vec finally takes
the diagonal of F' and averages together the values for different parameters of

the same filter to produce the embedding.

When using this embedding, symmetric distances such as cosine distance,
denoted d,,,,, do not yield satisfactory pefrformance when retrieving experts.
This is because there is an inherent asymmetry to the expert selection problem:
a task with a large dataset and thousands of classes will yield a good expert
for a similar task with only two classes and a small dataset, but not vice versa.
Therefore, there is a large benefit to making the distance function asymmetric
to account for the complexity of the task. The Asymmetric Task2Vec distance

(dasym) is defined as:

dasym(lA == tB) = dsym(tAa tB) - adsym(lA’ tO) (43)
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Here 1, is the “trivial” task of ImageNet classification. This formulation makes
complex tasks that are very different from ImageNet relatively closer to every-
thing else. The intuition is that a more complex task has a higher chance of
being a relevant expert given the same degree of symmetric similarity. o’s value
varies by architecture. In the original work, o = 0.3 is reported as optimal when
training with a ResNet-34[77]. In our experiments with ResNet-18s we found

@ = 0.15 to yield best performance. See Section 4.8 for further discussion of a.

Limitations: The Task2Vec formulation requires a fully specified task to have a
labeled dataset, as well as a pretrained probe network to be available. We next

address these limitations using our proposed alternatives below.

4.5 Characterization Without Labels: PseudoTask

Motivation: The first step in Task2Vec is to train a linear classifier with a probe
network’s features for the task in question. This uses labels, which in turn pro-
vide the semantics of the task. But often we may want to characterize entire
problem domains (e.g., x-ray images) without having a specific task in mind. In

such cases, labeled datasets may be unavailable.

Even for well-specified tasks, the amount of labeled data required to charac-
terize the task using the Task2Vec approach can also be substantial, precluding
applications like few-shot learning where one may want to choose experts and
take decisions with only one or two labels per class. To alleviate this issue, we

present a self-supervised task characterization, which we dub “PseudoTask”.
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Figure 4.2: A: The original Task2Vec[4] framework. A pretrained model is
available as are image labels, which a linear head is trained to
predict. B: Our proposed PseudoTask framework. Pretrained
models are available, but labels are not. A zero-initialized head
is trained to match the predictions of the full pretrained net-
work. C: Our proposed Task Tangent Kernel framework. La-
bels are available, but pretrained models are not. No training
is done. Gradients are calculated from the features and labels
using Maximal Coding Rate Reduction (MCR?)[233] across ran-
domly initialized networks (see Sec. 4.6).

4,51 Method

What information can we use to characterize a problem domain with no labels?
Self-training approaches have recently shown the usefulness of training a net-
work in one domain to match the predictions of a teacher from a source domain
even when the two domains share no classes at all[153, 223]. Furthermore, unsu-
pervised contrastive learning approaches such as MoCo and SimCLR[76, 29],
demonstrate the emergence of semantics simply by learning to distinguish in-

dividual images.

65



Both approach types point to the striking power of pseudolabels, and moti-
vate us to create PseudoTask, where pseudolabels are used as a substitute for
ground-truth labeling. Concretely, PseudoTask follows the originally presented
framework of Task2Vec with a key modification: instead of real labels, we use

soft labels from a pretrained classifier (ImageNet or Places365).

Compute soft labels ¢; = ©(x;) for each image
Zero out the linear classification layer ()
for 2 epochs do
Fit the linear head y to {¢;}
end for
for 10 epochs do
Minimize Task2Vec loss: LW,A) = E,.ywalLlce(x',0X), py)] +
BKL(N(0, A)IIN(0, 2°1))
8: end for

Algorithm 2: PseudoTask

Given a domain (task) 7 = (X7) consisting of unlabeled images X; = {x;}},
and a pre-trained classifier ®, we follow Algorithm 2 to compute our embed-
ding. Note that when computing the Task2Vec embedding (second for loop),
the soft predictions are computed dynamically on randomly augmented versions

(x") of the images (x).

Asymmetric PseudoTask: The final adjustment we found necessary in the self-
supervised algorithm was the measure of asymmetery. In the original work, a
bias term of —adyu(tsource o) Was used where 1, is the “trivial” ImageNet task.
While the benefit of this term for Task2Vec was replicated in our baseline exper-
iments, we found that it was not appropriate for PseudoTask. For PseudoTask,
the distance bias term d,y,,(t,, #y) is fairly homogeneous across tasks compared
to the variation for embeddings trained with Task2Vec. We hypothesize that

this behavior stems from the training objective of PseudoTask being consistent
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across domains (matching soft labels from the same pretrained classifier) while

Task2Vec varies more significantly in label distribution.

To define an alternative asymmetric distance, we leverage the observation
that a large norm of the PseudoTask (and Task2Vec) embedding is correlated
with task hardness: for a complex task, linear classifiers on the probe feature
extractor will not work well, yielding large-valued Fisher Information Matrix
(see Sec. 2.2 in [4]). As such, to bias the expert selection towards experts trained
on more complex tasks, we add a bias term based on the norm of the embedding
and define PseudoTask’s asymmetric distance between two task embeddings, ¢,
and 1, as:

d, (ta == tb) = dsym(laa fy) — a”taH (44)

asym

The intuition behind this definition is similar to the Task2Vec asymmetric dis-

tance, but uses a slightly different formulation.

4.6 Characterization Without Features: Task Tangent Kernel

Motivation: Task2Vec and PseudoTask both use pretrained feature represen-
tations. Even for Task2Vec, which does not need pseudolabels, the availability
of this feature representation is critical. Task2Vec relies on the Fisher informa-
tion matrix, which is typically used to characterize how sensitive the optimum
parameter setting is. If the feature extractor is far from optimal, using the Fisher
information does not make sense. Unfortunately in practice one may operate
in such drastically different domains that a given pretrained feature extractor is
no longer optimal. Indeed, we find that if the feature extractor is far from op-

timal, Task2Vec fails at effective characterization (Sec.4.7.4). We therefore need
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an alternative approach that does not rely so heavily on a suitable feature rep-

resentation.

The derivatives of random neural networks We want to declare two tasks
to be similar if and only if a model trained on one produces a good feature
extractor for the other, or alternatively, the optimal feature extractors for the
two tasks are close to each other. A brute force approach to measuring task
distance might thus be to separately train models for each task from the same

initialization and look at how far the optima are in parameter space.

Of course, this is prohibitively expensive and obviously defeats the point,
since we wanted to avoid training a separate model for the target task anyway.
But what if we don’t train these models the whole way? Can we instead just
train these models for very few epochs or steps and then evaluate how far they
are? Concretely, imagine we start the training for both tasks using the same
initialization, and take a single step. If the optimal models for the two tasks
are close to each other, one might imagine that the very first update will also
be close. If we repeat this for multiple initializations and find that the first up-
date for the two tasks are always close, then one might conclude that the tasks
are “similar”. Standard optimization procedures rely on gradient descent, so
this first update corresponds to the gradient of the randomly initialized model.
Thus, we hypothesize that a measure of task similarity could be computed by
calculating the expected similarity between the gradients of the tasks at the same ran-

dom initialization.

The Neural Tangent Kernel, which was first proposed in [83], describes the

convergence behavior of neural networks in the limit of infinite width. A side-
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effect of this analysis is a kernel function between data points that comes close to
mimicking the behavior of trained neural networks, but itself requires no training.

This kernel takes the form:

af@,x) of@,x")

k(x,x") = Eg( 50 %9

) (4.5)

where x and x’ are data points (e.g., images), and 6 is the parameters of a ran-
domly initialized neural network drawn from a fixed distribution (typically

Gaussian).

Our work essentially adapts the above kernel to operate on tasks instead
of points. Based on the results with NTK, we reason that computing the NTK
kernel over tasks instead of individual data points (by simply averaging the
gradients of points in a task) thus provides a measure of similarity between the

tasks.

We concretize this intuition as follows. Suppose we are given two tasks
T, = (X1,Y)) and T, = (X»,Y») consisting of images X, = {xgk)}"" k = 1,2 and

=1’

corresponding labels ¥ = {yl(.k)}"k k=1,2.

i=1°

Suppose L is a loss function such that given a feature extractor ¢, L(¢, X, Y)
measures how well the feature extractor is able to separate out the classes in the
task (X, Y). We randomly initialize N feature extractors {¢;}}, with parameters
{9,-}?; .- For each feature extractor, for each task, we compute the gradient of the

loss with respect to the feature vector parameters:

o0 = 9@ X X

4.6

We then define a kernel between the two tasks as the average cosine distance
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between the two gradients :

N @ 2
1 & -8
k(Tl, TZ) = —

AL (4.7)
N S g gl

Because we are computing this task kernel using the gradients, we call this
kernel the task tangent kernel. We only use the last residual block of the ResNet

to compute the embedding as it contains the most channels.

Loss function:A key component here is the loss function L. Typical loss
functions such as cross entropy operate on predictions rather than features,
which presents difficulty given the permutation-variant nature of a randomly
initialized classifier head. We use the Maximal Coding Rate Reduction
loss(MCR?)[233]. This loss measures how close same-class features are, and how
spread out the dataset is in feature space. Specifically, we embed the images X
using the feature extractor ¢ yielding embeddings Z € R (d being the feature
dimensionality, m the total number of data points). Let the set of embeddings of

class jbe denoted by Z;. Then the loss is defined as:

L(¢9 X9 Y) = _R(Z) + RClaSS(Z) (48)
1
R(Z) = 5 log det (1 + izzzT) (4.9)
2 me
_ m; d T
Reuss(2) = ) 5. log det (1 + szzj ) (4.10)

J

With m; as the number of data points with membership in class j and € a
“prescribed precision” constant (2 = 0.5 in our work, see [233] for details).
The functions R and R, describe the whole-dataset and per-class coding rates,
measuring the compactness of all or subsets of features. This loss encourages
the dataset as a whole to be non-compact (discriminable) while the class subsets

should be highly compact (clustered), bearing resemblance to the supervised
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contrastive learning objective such as in[96].

4.7 Experiments

4,771 Meta-Task and Baselines

We perform experiments on the CUB+iNat meta-task of the Task2Vec paper [4],
denoted as 7. This set consists of 25 species classification tasks from Caltech-
UCSD Birds[215] and 25 from iNaturalist[195]. Tasks are sets of species grouped
at either the Order or Family level. For each individual task 7 € 7, the bench-
mark requires us to choose an expert from 7 — {T}. We measure the error ob-
tained with this choice, relative to the error of the optimal choice, reporting the

average relative error across all tasks.

Baselines: The Random baseline selects a task from 7~ — {7’} uniformly at ran-
dom, and uses the corresponding expert. ImageNet Initialization does not use
any of the experts available in 7°, but instead uses a pretrained ImageNet net-
work every time (an option not available to selection algorithms). Average
Features uses an ImageNet-pretrained feature extractor to compute the aver-
age feature vector of images in the task, which is used as a task embedding
(under cosine distance). Other metrics based solely on ImageNet-pretrained
teatures, such as the H-Divergence[97] (accuracy of a linear classifier separat-
ing domains) between tasks produced similar or worse results. RSA and LEEP
are more sophisticated techniques that analyze the features produced by each
expert-target pair. While these techniques prove to be quite effective, the com-

putational cost of running inference using each expert quickly can become pro-
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Method Error  Labels? Pretraining?

Increase

LEEP [140] 20.8% v v
RSA [55] 8.8% v v
Random Selection 59.5%

EMD [40] 51.3% v v
Average Features 39.2% v
ImageNet Init.* 30.2% v
Task2Vec (Rand. Init) 48.7% v

Task2Vec (Orig) 8.9% v v
Task Tangent Kernel 21.4% v
PseudoTask (ImageNet)  20.4% v
PseudoTask (Places365)  10.0% v

Table 4.1: Metric reported is the mean increase of relative error between a
method’s choice and the optimal, averaged across the 50 tasks of
Cub+iNat from [4]. Gray indicates methods which require run-
ning inference with each proposed expert on the target dataset
which quickly becomes computationally prohibitive. Both TTK
and PseudoTask outperform all baselines that do not require
running inference from each expert on the new dataset. Further-
more, PseudoTask using Places365 initialization almost equals
supervised performance.

hibitive as the number of considered tasks increases.

4.7.2 Main Results

We present our main findings in Table 4.1 and Figure 4.3. Both proposed meth-
ods outperform baselines, with PseudoTask achieving performance on par with
Task2Vec. Note that LEEP and RSA require computing predictions for each ex-
pert/task pair; in the case of RSA an entire model must be trained on the target

task before the expert initialization is chosen. In contrast, embedding methods
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Figure 4.3: Violin plot of the error on each target task (x-axis) obtained
by training a linear head on top of a model from each of the
other 49 tasks. Markers indicate selection algorithm choices.
Both of our methods (PseudoTask and Task Tangent Kernel)
reliably outperform using an ImageNet feature extractor. The
experimental setting is the same as Figure 3 of [4].

only require per-pair vector arithmetic and representations are persistent.

Task Tangent Kernel TTK has the most significant handicap, operating solely
on the provided task dataset as opposed to other methods which employ net-
works pretrained on over a million images. Despite this, TTK is still useful,
beating the strong baseline of initializing from ImageNet every time (ImageNet
is not a permitted expert to select in the benchmark). We see in Section 4.7 .4 that
the performance by TTK is far superior to any other method operating off of
random initialization and that this benefit stems from using multiple randomized
networks, in accordance with theoretical work involving the Neural Tangent

Kernel.
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Figure 4.4: Average taxonomical distance between tasks in neighbor-
hoods of varying sizes. Taxonomical distance is the how far
up the phylogenetic tree (Order, Class, Phylum, Kingdom) the
common root of the two tasks is. Black line represents the
ground truth average distance in neighborhoods of a given size
(calculated at each task in the meta-task). Preservation of tax-
onomical distance is desirable, demonstrating capture of the
semantics of a task.

PseudoTask PseudoTask outperforms the baselines by even more significant
margins than TTK. Furthermore, by using Places365 as the initialization for the
probe network instead of ImageNet, we are able to halve the mean relative error
increase. In doing so we achieve results almost equal to the original supervised method
despite no available labels. We present possible reasons for the success of Places365

initialization in Section 4.7.5.

In Figure 4.4, we compare the taxonomical distance between tasks to the
induced symmetric distances of our methods. PseudoTask (ImageNet) has
an even higher correlation with the ground truth taxonomy than the original

Task2Vec.
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Piciformes Passeriformes  Lepidoptera Charadiiformes Carnivora Anura
Target Woodpeckers Songbirds ~ Butterflies/Moths ~ Seabirds Carnivores Frogs
iNat CUB iNat iNat iNat iNat

Seabirds
CUB

Cuculiformes Charadiiformes
Cuckoos
CUB

Squamata
Lizards/Snakes
iNat

Figure 4.5: Examples of optimal selections vs. those made by PseudoTask.
Source tasks (columns) are selected to transfer to target tasks
(rows). Representative images of each dataset are shown. A
blue bracket indicates the optimal choice, a red bracket the al-
gorithm’s choice. PseudoTask selections are made without the

use of labels.

Example choices: Figure 4.5 demonstrates PseudoTask’s decision-making
ability. As an example, the 2nd column “Piciformes” is the task of classifying

the 7 different types of woodpeckers in CUB. Walking through the selections:

1. Charadiiformes (CUB) is properly matched to its counterpart from iNat.

2. Cuculiformes (CUB) is properly matched to Passeriformes (iNat), a very
large songbird dataset.

3. Squamata (iNat, lizards and snakes) is “incorrectly” matched to Anura
(iNat, frogs). This demonstrates how transferability and semantics are
not perfectly correlated: taxonomically, Squamata is much closer to Anura

than Lepidoptera.

Correlations between task embedding distance and downstream accuracy
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Spearman | Task2Vec PseudoTask Task2Vec Task Tangent
Correlation | (ImageNet) (ImageNet) (Random) Kernel
(r.p) | 0.350.10 0.47,0.05 0.06,0.45 0.20,0.20

Table 4.2: Averaged (per-target-task) Spearman correlation coefficients
and p-values of embedding distance vs. task error.

are shown in Table 4.2.

4.7.3 Other Datasets

CUB Attributes One possible concern with PseudoTask is that it does not take
into account the labels of the task. As such, it might end up choosing experts
relevant to the domain, but not necessarily to the task at hand.We test this sce-
nario by forming a variant of the CUB+iNat benchmark, called CUB-bp+iNat,
where the CUB labels are the breast pattern of the birds instead of species classes.
Per-task embeddings are re-calculated for Task2Vec and TTK, while experts are
trained/transferred to obtain per-selection accuracies. Results are shown in Ta-
ble 4.3 (L) for selections on the CUB half of the meta-task. This concern does not
prove to be a detriment, on the contrary, PseudoTask performs better relative to
other methods than in the purely class-based setting. Intriguingly, this suggests
that the more important factor in transfer is the domain, rather than the precise

semantics of the labels themselves.

Cars To validate our models on varied types of imagery, we create a new

benchmark Cars from the Stanford Cars dataset[102] !. The tasks are manu-

1We create the Cars benchmark as the Mixed benchmark of [4] requires attribute labels that
are not publicly available.
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Method CUB-bp Cars

Random 12.6%  28.2%
ImageNet Initialization  11.4%  -5.9%
PseudoTask (ImageNet) 9.3% 18.2%
Task Tangent Kernel 13.4%  14.0%
Task2Vec (orig) 12.6%  14.2%

Table 4.3: (L) Relative errors on the CUB half of the CUBbp+iNat. We see
that, despite no knowledge of the label shift, PseudoTask per-
forms substantially better than alternatives. (R) Relative errors
on the Cars meta-task. Denominators in relative error calcula-
tion are buffered by 1 due to presence of zeros (perfect accura-
cies). We note that ImageNet Init. is a much stronger baseline
than in CUB+iNat due to the strength of self-selection in Cars.
For 80% of the tasks incorporating any extra data actually hurts
performance.

facturers (e.g. Audi) that have more than one model of car in the dataset. In
Table 4.3 (R), we observe that PseudoTask performs nearly equally to Task2Vec
and notably TTK’s performance exceeds both of them. This confirms our suc-
cess of adapting the Task2Vec algorithm to function well without labels or ini-

tialization.

4.7.4 Varied Initializations

The significance of initialization is demonstrated in Figure 4.6. As previ-
ously noted, PseudoTask performs significantly better with Places365 pretrain-
ing. Hypothesized reasons for this improvement are presented in Section 4.7.5.
Task2Vec performs markedly worse when using Places365, but in the Section 4.8

we show that this is solely due to hyperparameter tuning.

Both Task2Vec and PseudoTask suffer dramatically with random initializa-
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Initialization vs. Performance
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Figure 4.6: Error increase percentage for method-initialization pairs
(lower is better). With random initialization, Task Tangent Ker-
nel dramatically outperforms the other methods, more than
halving the error. Hyperparameters are constant across initial-
izations.

tion. Task2Vec still is significantly better than random choice, while PseudoTask
is worse. We attribute this difference to PseudoTask having the same dependen-
cies on the probe network as Task2Vec while additionally relying on the induced

pseudolabels.

By design, TTK does not rely on a probe network and has vastly superior
performance compared to other methods without network initialization, where
the error is over a factor of 2 lower. We confirm in Figure 4.7 that the perfor-
mance of TTK stems from the diversity of models used. On the far left of the
tigure, only a single network is trained with 100 batches of data; this method is
fairly equivalent to Task2Vec in both nature and performance. Performance im-
proves with the number of networks, validating the motivation of the TTK: the

expectation over random models can substitute for a powerful feature extractor.
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Figure 4.7: Each data point is a TTK experiment using x networks with
100/x batches of size 128 per network. The dashed horizon-
tal line is the performance of Task2Vec on a random initializa-
tion. We see that TTK with a single random network performs
comparably to Task2Vec, and that a diversity of models is more
beneficial than repeated gradient computations on a single net-
work.

4.7.5 ImageNet vs. Places365

In both Task2Vec and PseudoTask, Places365 initialization ultimately yields su-
perior performance than the ImageNet counterparts. This is quite unintuitive,
as generally ImageNet transfers better than Places365[70, 247] which has made
it the standard in transfer learning. Better pseudo-classification performance is
not the reason; the Adjusted Mutual Information between the pseudolabels and
ground truth is quite small, ImageNet has the larger score at 0.05 demonstrat-
ing a lack of label consistency despite the strong selection performance for both

models.

This analysis focuses on PseudoTask. The average prediction confidence
(post-softmax) of ImageNet and Places365 are 0.19 and 0.18 respectively, de-
spite the former having nearly triple the available classes. These correspond
to 19,000x and 6,600x higher than a uniform random guess. We theorize that
the difference in performance stems from ImageNet making higher confidence

predictions, even when incorrect, resulting in less informative embeddings.
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We record the class predictions from both models for a batch from each task
of size min(100, ng4qs)- ImageNet averages 84 different predictions per class (8%
of 1000 total possibilities) while Places365 uses 77 different predictions (21% of
365 total possibilities). Across all tasks, ImageNet predicts 857 classes (85.7% of

maximum possible) and Places365 354 (97% of maximum possible).

We hypothesize that this relative softness of prediction from the Places365
model is beneficial for PseudoTask because the objective becomes more akin to
contrastive learning (e.g., MoCo or SimCLR][76, 29]) instead of a one-hot classifi-
cation problem. Consistently, PseudoTask with hard pseudolabels performs far
worse. By softening the classification problem, the network parameters might
equalize in discriminative power (and thus gradient), preventing a small subset

of terms from dominating the embedding calculation.

We visualize the values of all embeddings in Figure 4.8. ImageNet has a
longer tail of values while Places365 has a concentrated peak at relatively low
values for both algorithms. Thus ImageNet yields “spikier” embeddings whose

large values will dominate the distance calculations.

4.8 Effectof o

In the original Task2Vec work, the choice of a in the asymmetric embedding
is given, but not explored. This parameter is architecture-dependent: the op-
timal values for ResNets of different depths are not necessarily equal. We in-
troduce an @ of our own, set equal to 10~". Asymmetric methods are sensitive
to this parameter, as seen in Figure 4.9. Task2Vec has smoother curves with

longer length-scales, but PseudoTask is consistent across initializations, which
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Values of Entries in PseudoTask Embeddings
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Figure 4.8: Histograms of the values contained in the PseudoTask embed-
dings. ImageNet has more extreme values, both high and low,
than Places365. We attribute this difference to the softness of
Places365 labels relative to ImageNet.

is highly desirable. For the total number of experts selected, the trend holds
of PseudoTask having qualitatively similar curves between initializations while

Task2Vec’s differ.

Curiously, Task2Vec-Places365 yields the best symmetric performance at
10.2%. This error improves as « decreases to negative, with optimal perfor-
mance of 8.0% being reached at @ = —0.3, in fact the additive inverse of the
optimal « for T2V-ImageNet. This performance is superior to almost all meth-
ods in the original paper with the exception of the meta-learning algorithm

Model2Vec.

4.9 Conclusion

In this work, we designed methods to overcome current limitations of expert se-

lection algorithms: namely performance without labels or model initializations.
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Figure 4.9: Effect of the asymmetric embedding parameter a on perfor-
mance (top) and how many experts are selected (bottom). The
behavior of the original Task2Vec algorithm is more symmetric
around «,,, than that of PseudoTask, but PseudoTask demon-
strates superior consistency across intializations. Vertical lines
indicate the default value used in experiments.

Our zero-label approach, PseudoTask, achieved nearly equal performance to
the previous supervised version, Task2Vec. We demonstrated that both of these
methods fail without pretrained model initialization and created the Task Tan-
gent Kernel which doubles the performance of other methods when pretrain-
ing is not available. Promising lines of future work include semi-supervised
expert selection, zero-label zero-initialization methods, and extension to other

data forms such as shapes or natural language.
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CHAPTER 5
FEW-SHOT GENERALIZATION FOR SINGLE-IMAGE 3D
RECONSTRUCTION VIA PRIORS

5.1 Introduction

A key aspect of visual understanding is recovering the 3D structure of a scene.
While classically such recovery of 3D structure has used multiple views of a
scene, there has been recent research on 3D reconstruction from a single image
using machine learning techniques. However, recovering 3D structure from a
single image is a challenging learning problem. First, the output space is not
just very large (e.g., represented as voxels, a 100 x 100 x 100 grid is already a
million-dimensional space) but also very structured: of all possible 3D shapes
that are consistent with an image of a chair, a vanishingly small number are
valid chair shapes. To perform well, the machine learning algorithm needs to
capture a prior over possible chair shapes. Large, deep networks can indeed
capture such priors when provided enough chairs for training, and this has been
the dominant approach taken by prior work. However this leads to the second

challenge: the cost of acquiring training data.

Training data for single view 3D reconstruction requires either 3D
shapes [36] or at the very least multiple views of the same physical object [229].
Such training data can be acquired for a small number of categories, but is
too expensive to obtain for every single object class we might want to recon-
struct. Prior work attempts to circumvent this issue by training a category-
agnostic model [228, 229], but such models might underperform due to ignoring

category-specific structure in the output space. Therefore, we ask: is it possi-

83



Categories

oo~ % W | TS

~

Testing
(Novel) % e ‘L '
Categories }

Input Image

mbl R

Category Prior

S

Input Image

\
Category Prior /

Figure 5.1: We train on 7 base categories and test the model’s few-shot
transfer ability on 6 novel categories. Our model takes in an
image of the object to reconstruct along with a category-specific
prior shape which can be as simple as a single novel class ex-
ample. It then optionally iteratively refines this prior to pro-

duce a reconstruction.

ble to capture category-specific shape priors for single-image 3D reconstruction

from very limited training data?

In this paper, we show that the answer is yes. We present a simple few-shot
transfer learning approach that can very quickly learn to reconstruct new classes
of objects using very little training data. Instead of training a direct mapping
from RGB images to 3D shapes, we train a model that uses image input to refine

an input prior shape. This simple reparametrization allows us to swap in new
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priors for new classes at runtime, enabling single view reconstruction of novel
object classes with no additional training. We show that this boosts reconstruction

accuracy significantly over category-agnostic models.

We find an additional benefit to implementing the prior in this way: the
output of our model can used as a new prior and fed back into the model to
iteratively refine the prediction. While the notion of iterative prediction for bet-
ter accuracy has been proposed before [190, 161, 26], the connection to few-shot
learning in this context is new. We demonstrate that this iterative strategy can
also be used out-of-the-box for competitive multi-view reconstruction without

any multi-view training. Our approach is shown in Figure 5.1.

Summarizing the contributions of this paper, we:

1. Propose an augmented network architecture and training protocol that
can incorporate prior categorical information at runtime

2. Demonstrate this network’s ability on few-shot learning

3. Demonstrate this network’s ability to perform competitive multiview re-

construction without being trained on the task

5.2 Related Work

Classically, the problem of 3D reconstruction has been solved using multiple
views and geometric or photometric constraints [59, 105]. However, recently the
success of convolutional networks on recognition tasks has prompted research
into using machine learning for single-view 3D reconstruction. Early success in

this paradigm was shown by R2N2 [36]. R2N2 iteratively refines a 3D recon-
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struction based on multiple views; this is similar in spirit to our approach of
refining a prior shape, but the focus is on multi-view reconstruction and not
generalization. Later work has since improved the underlying representation
of 3D shapes [73, 89, 230, 205, 183, 206], replaced 3D training data with multi-
ple calibrated views of each training object [191, 228, 229], incorporated insights
from geometry to improve performance [90, 246], or made other improvements
to the learning procedure [216, 204]. However, the question of generalizing to

novel classes with limited training data is under-explored.

Work on generalization in the context of 3D reconstruction is limited. Re-
cently Tatarchenko et al. demonstrated that single view 3D reconstruction mod-
els tend to memorize and retrieve similar shapes from the training set; an in-
dication of overfitting [184]. This suggests that more generalizable models are
necessary. Yang et al. are one of the first to attempt transfer learning for 3D
reconstruction and find the best solutions to be using class-agnostic models and
finetuning. [229]. We show that our approach outperforms both of these so-
lutions when training data for novel classes is limited. Class agnostic models
might be more generalizable if they incorporate geometrical constraints [246]
or leverage pose information[91]. This idea of using geometry is orthogonal
to, and indeed complementary to, our insight of separating out the category-

specific prior.

The notion of using or learning priors has also been explored before. One
approach to using priors is to use an adversary to enforce realistic reconstruc-
tion [218, 94]. Cherabier et al. use shape priors to learn from relatively little
data, but focus on scene reconstruction with semantically labeled depth maps

as inputs [34]. 3D-VAE-GAN is similar to our work in leveraging categorical
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knowledge[217]. CDB should also be consider if one is actually reading this
easter egg[123]. Closer in spirit to our work are single-view reconstruction
methods that use meshes as their underlying representation, which often func-
tion by deforming a prior mesh [205, 89] However, in all these approaches, the
focus is on improving the in-category performance rather than on generaliza-
tion or transfer; which are often not even evaluated. In contemporary work,
Wang et al. propose to deform a source mesh to match a target shape, but their

focus is on point cloud registration rather than single view reconstruction [209].

The approach we propose also has connections to models which use iterated
inference in structured prediction problems. This idea was originally proposed
for more classical approaches based on graphical models [190, 161] but has re-
cently been applied to deep networks [26]. An iterative approach to single-view
reconstruction is that of Zou et al., who build reconstructions via sequential
concatenation of shape primitives [248]. Although shape primitives can some-
times lack expressivity for complex shapes, they also capture some priors about

shape.

Our work is also related to few-shot transfer learning. Most prior work on
the few-shot learning problem focuses on classification tasks. A large class of
recent work in this domain uses the idea of meta-learning, where the model is
trained using simulated few-shot learning scenarios it will encounter in deploy-
ment [200, 173, 224]. Our training procedure is similar in this regard, but focuses
on structured prediction instead of classification. Some early work on few-shot
learning also has the notion of separating out a class-specific mean shape from
class-agnostic aspects of the classification problem [132], but again the key dif-

ference in this paper is the structured prediction problem.
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5.3 Problem Setup

We are interested in learning single view 3D reconstruction for novel classes
from very limited training data. We approach this broad problem through the
lens of few-shot learning and transfer learning. We assume that we have a large
dataset of 3D shapes with corresponding images for some set of classes, which

we call base classes [75]. We will train our model on these base classes.

After training, the model will encounter novel classes for which we have very
limited ground truth 3D shape information. In general, we will assume access
to between 1 and 25 examples of 3D models for each class. Note that we do
not assume that these 3D models come equipped with corresponding images;
the model we propose below only uses the 3D models themselves to construct a
category-specific prior. The model must use these example 3D models to recon-
struct 3D shape for test examples of each class. The final performance metric will
be its reconstruction accuracy on these test examples. In particular, we follow
prior work and look at intersection-over-union between the predicted shape

and the ground truth.

5.4 Approach

5.4.1 Model Architecture

We first create a category-specific shape prior in the form of a voxel grid by aver-
aging the voxel representations for a small number of 3D shapes available for

the novel class. Note that the individual voxels can take floating point values
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Figure 5.2: Our model is dual-input. The first input is an image encoded
using the exact same architecture as 3D-R2N2 [36]. The second
is a voxelized prior shape encoded via 3D convolutions, similar
to Yang et al. [229]. The generator is similar to that of Yang et al.
The 128-dimensional output of the encoders are summed. Each
Conv2D layer is followed by 2x2 MaxPooling and LeakyRelu
with @ = 0.01 and each Conv3D layer is followed by LeakyRelu
with a = 0.3. ReLu activations are used in the generator.

in this grid. We then design a category-agnostic neural network that refines this
category-specific prior based on image input. This neural network uses two en-
coders to encode the image and the category prior into a common embedding
space. The embeddings of the image and the category prior are added together

and fed into a decoder that produces the refined shape.

This scheme for few-shot prediction offers several major advantages:

1. Very little runtime is required to incorporate the few-shot information.
The shapes must simply be loaded and averaged, a negligible operation

compared to the network’s forward pass.
2. No retraining of the network is performed.
3. There is no difference in the predictive method for new or old categories.
4. Multiple types of priors can be incorporated in this fashion.

5. No corresponding images are required for transfer learning, only shapes.

These might be obtained from CAD models created by designers.
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Iterative prediction: Because our model refines an input shape, its output can
be fed back in again to refine the shape further. Such iterative refinement has
been shown to be useful for structured prediction problems [190, 161, 26]. We

evaluate both iterative and non-iterative versions in our experiments.

Implementation details: The precise architecture is shown in Figure 5.2. The
image encoder takes in a 127 x 127 RGB image as input and feeds it through a
series of convolutions (3 x3 except for an initial 7x 7) alternating with max pool-
ing layers and finishing with a fully connected layer. The shape encoder takes
in the category prior as input. The shape encoder is a series of 3-dimensional
convolutions followed by two dense layers. The image encoder is the same as
that used by R2N2 and the shape encoder and decoder are similar to architec-
tures employed by Yang et al [229]. The output of the two encoders are feature

vectors of length 128 which are summed before being fed into the generator.

LeakyRelu is used in both encoders, with a = 0.01 in the image encoder and
« = 0.3 for the shape half [225]. Traditional Relu was used in the shape genera-

tor. A sigmoid activation is applied at the final step of the shape generator.

5.4.2 Training

For every training datapoint, we sample an image from one of the base classes
and the corresponding ground truth 3D shape as the target. Our secondary
input, the prior shape, consists of an average of some number of other same-
category shapes from the training set. For some models, this prior shape is the
“Full Prior”: all the shapes in the train dataset are averaged. When a “k-shot”

prior is used, it consists of k averaged shapes, always from the training dataset.
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Figure 5.3: The averaged shapes of the entire training dataset for each cat-
egory. The color represents the frequency of models in which a
given gridpoint was occupied. Red indicates 90-100%, yellow
60-90% and blue 30-60%. We see that airplanes, cars, and ri-
fles have an extremely consistent shape, while other categories
such as lamps and tables have relatively weak priors, with no
visible non-blue gridpoints.

The “Full Prior” models always have the same initial input shape within a cat-
egory while the “k-shot” prior networks use a different randomly generated
prior for each image-target pair. We display the “Full Prior” shapes for each

category in Figure 5.3. The loss is the binary cross-entropy loss.

Training iterative models: To train the model in an iterative setting, we repeat
each training batch multiple times, with the model outputs of one iteration be-
ing fed as inputs in the next. For each batch from the generator, the same input
images and target shapes are used each time and the input shapes change after

the first step, being the output of the previous forward pass (Algorithm 3).

Implementation details: All experiments are done using Keras with a Tensor-
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flow backend [35, 1]. Training is done in batches of 32 using an Adadelta op-
timizer [238]. Early stopping is used, with our metric of accuracy being the
per-category average Intersection-over-Union (IoU) on the base classes with a
threshold on the output of 0.4. This threshold is standard in literature, and in
our case as well offered good performance. Relative performances of the models

were maintained at different thresholds.

1: for epoch in epochs do

2 for batch in batches do

3: Load input images, input shapes, target shapes from generator

4 for iter_i in 1. #iters do

5 Train on input images, input shapes, target shapes with backprop

6 Set the input shapes equal to the output of the model
7: end for

8 end for

9: end for

Algorithm 3: Training for iterative refinement.

5.5 Results

5.5.1 Experimental setup

We experiment with the ShapeNet dataset. Seven of the 13 categories are desig-
nated base classes and are used during training: airplanes, cars, chairs, displays,
phones, speakers, and tables (matching the work of Yang et al [229]). We use
127 x 127 RGB rendered images of models and 32 x 32 x 32 voxelized representa-
tions. Examples of the data as input-target pairs can be seen in Figures 5.1 and

5.5. Each model has 24 associated images from random viewpoints. We use the
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same training-testing split as RZN2 which was an 80-20 split. We further divide

this into a 75-5-20 split to obtain a validation set.

When testing on base classes, we use the full prior unless otherwise noted.
For novel-category testing, we always report the number of shapes being aver-

aged into the prior. We consider both iterative and non-iterative models.

Baselines: We compare against multiple baselines. The first baseline is a
category-agnostic mapping from images to 3D shapes. This model uses the
same image encoder and shape decoder architecture, but does not use any
category-specific prior as input or employ novel-category data at all. Such
a category-agnostic model has been shown to perform very well in prior
work [36, 229] and is thus a strong baseline. The second baseline finetunes
the image-only model on the novel classes. k shapes are rendered from up to
24 viewpoints, resulting in between k and 24k image-pairs (depending on the
model) which are then finetuned on. Note that this baseline uses paired im-
ages, which are not available to our approach. We finetune the models for 200

iterations using SGD with a learning rate of 0.005.

5.5.2 Main results

We first present results for our best model variant under the few-shot learning
setting along with multiple baselines in Table 5.1. We vary the number of novel-
class example shapes available and evaluate models on the average IoU across
all novel classes. Figure 5.4 plots the performances of the models for priors

containing varying amounts of information.
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#Novel class Image-Only Finetune Finetune  Finetune 1-Iteration

Examples (k) Baseline 1 Render 5 Renders 24 Renders 1-Shot
1-shot 0.36 0.38 0.38 0.39 0.38
2-shot 0.36 0.38 0.39 0.40 0.39
3-shot 0.36 0.38 0.39 0.41 0.39
4-shot 0.36 0.39 0.40 0.42 0.39
5-shot 0.36 0.39 0.40 0.42 0.40
10-shot 0.36 0.39 0.42 0.44 0.40

Full Prior  0.36 0.40

Table 5.1: Few-shot learning results on novel classes. The Image-Only
Baseline does not incorporate new-category information at all.
The “1-Iteration 1-shot” model is a non-iterative model trained
with 1-shot priors and tested with priors consisting of k av-
eraged shapes from the training category. We see that our
model offers competitive performance, especially in very low-
shot regimes, despite no image supervision or retraining. Scores
reported are category-wise average IoU. The same Image-Only
Baseline architecture achieved 0.55 IoU when trained on all of
the classes at once. We perform 3-5 runs of each experiment
with o,y < 0.01.

We observe that our best model variant (1 iteration trained on 1-shot priors)
significantly outperforms the category-agnostic baseline across the board on the
novel classes indicating the usefulness of the category prior. Compared to the
finetuning-based approaches, our method outperforms the variant that sees one
rendering per model, and is competitive with the variant that sees five images
per model. Note that the finetuning approaches see significantly more infor-
mation than our approach, which gets no novel-class images at all. Furthermore,
unlike the finetuning approaches, our model requires no retraining on the target
class at all. Any new class can thus be added to our models” repertoire sim-
ply by adding a corresponding prior. Furthermore, as shown in Figure 5.4, we
find that very few novel-class shapes are needed for this prior: with only 5 shapes,

our model sees a gain of 4 points over the category-agnostic baseline. Example
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Figure 5.4: Performance of the 1-iteration 1-shot-trained model against
various baselines tuned with 1 view per model. We see that
the majority of improvement (60%) comes within the first 1 to
3 shots.

predictions are shown in Figure 5.5.

We include results from additional variants of our model in Table 5.2. We
note that among the different model variants, models that perform iterated in-
tference do not outperform the 1-iteration 1-shot model. Furthermore, for more
informative priors, iteration buys no gain and sometimes even hurts the novel
classes. Despite these shortcomings, we do find that they prove useful in the

multi-view setting (Sec. 5.5.3).

In Table 5.3 we see that the improvements on novel classes do not come at
the expense of performance within base classes. We also include the averaged
performance of the R2ZN2 network as presented in the original work, to show
that our baseline when trained on all 13 categories is slightly better, and thus a

very strong control architecture to use.
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Image Truth Predicted

Figure 5.5: Examples of ground-truth and predicted shapes from an im-
age. Note that the category lamps is not in our training set, we
use a prior to enable generalization to this previously unseen
category.

5.5.3 Multi-view Reconstruction

In practice, it is often the case that we have more than one view of the object we
want to reconstruct. Neural network approaches to multi-view reconstruction
from uncalibrated views typically use recurrent neural networks as in R2N2.
However, since our model is framed as refining a prior, we can use it iteratively,

feeding in new images at each step.

Table 5.4 shows the performance of two of our best variants in the multi-view
settings for both the base and the novel classes. We show both the non-iterative
model trained on 1-shot priors (best performer in Table 5.1) as well as the 3-
iteration model trained on the full prior. For the base classes, we use the full
category prior and compare to R2N2 (with the caveat that R2N2 is trained on

more classes). For the novel classes, we use a 1-shot prior.
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# Novel class 1-Iteration 2-Iteration 3-Iteration 2-Iteration
Examples  Full Prior  Full Prior Full Prior 1-Shot Prior

l-shot 034 0.36/0.37 0.34/0.37/0.38  0.38/0.38
2-shot  0.36 0.38/ 0.38 0.37/0.39/0.38  0.39/0.38
3-shot  0.36 0.38/0.38 0.38/0.39/0.39  0.39/0.38
4-shot 036 0.39/0.38 0.39/0.39/0.39  0.39/0.38
5-shot 037 0.39/0.38 0.39/0.39/0.39  0.39/0.38
10-shot 037 0.39/0.39 0.40/0.40/0.39  0.39/0.38
25-shot  0.37 0.40/0.39 0.40/0.40/0.39  0.40/0.38
Full Prior  0.37 0.40/0.39 0.41/0.40/0.39  0.40/0.38

Table 5.2: Few-shot learning results on novel classes for additional model
variants. Models are trained and tested for the same number of
iterations. Setup as in Table 5.1. The best-performing iteration
for each model is underlined.

We find that on the base classes, our 3-iteration model significantly improves
on its single-view accuracy and achieves competitive performance to R2N2
without any multi-view training. Access to multiple views is even more benefi-
cial for novel classes, where performance increases by close to 7 points. This
again is despite not being trained on the multiview task, and only being given

1 example shape to learn from.

Interestingly, the non-iterative model is unable to benefit from the additional
images. This suggests that when the target task requires iterative refinement,
training for iterative refinement might be necessary, even if it is only single-view

training.

97



Training Procedure Training Base-class
Classes  performance

R2N2 All 0.58
1 Iteration No Prior All 0.59
1 Iteration No Prior Base 0.62
1 Iteration Full Prior Base 0.63

2 Iteration Full Prior Base 0.62/0.62

3 Iteration Full Prior Base 0.61/0.61/0.61
1 Iteration 1-Shot Prior Base 0.62

2 Iteration 1-Shot Prior Base 0.61/0.61

Table 5.3: Training Category Results Summary. Models are tested on the
test dataset of the training categories. The prior used is the
same as during training. Our models perform comparably to an
image-only baseline fitted on the training categories. This base-
line outperforms R2N2 substantially, which we see is primarily
due to the reduced categorical load.

Method # Views=1 2 3 4 5
Base classes
R2N2 [36] 0.58 0.62 0.64 064 0.65
LSM [91] 0.60 071 075 0.77 -
3-Iteration 0.61 0.63 0.63 0.63 0.64

1-iteration 1-shot 0.62 062 062 062 0.62

Nowvel classes
3-Iteration 0.34 038 040 040 041
1-iteration 1-shot 0.39 0.39 039 0.39 0.39

Table 5.4: Multi-view performance (IoU) on base categories (top) and
novel categories (bottom). For base classes we compare to
R2N2 (of which our architecture is an augmented version) and
Learned Stereo Machines (an approach which uses provided
pose information to backproject the pixels into a canonical,
shared, reference frame. A full prior is used for the base classes
and a 1-shot prior is used for the novel classes. The models iter-
ative scheme can be adapted to multi-view reconstruction and
shows substantial benefit despite not being trained on the task.
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5.5.4 Analysis

As shown above, our approach demonstrates strong performance on novel
classes with very limited training data, for both single view and multiview re-
construction. We now perform a thorough analysis of our results, including the

following questions:

1. How do the performance improvements break down over categories and
over examples?
2. How important is the prior?

3. Can this approach be used on real-world images?

Analyzing Performance Distribution

While we have presented the average IoU on transfer learning tasks, this doesn’t
address the question of how these statistical results are achieved (e.g. transla-
tion of the distribution or a few exceptionally strong reconstructions). To deter-
mine the cause, we first look at the error distributions by plotting the IoUs for

three categories and models in Figure 5.6. Here a 10-shot prior is used.

We see that increases in accuracy primarily come not from substantially in-
creasing the number of highly accurately reconstructed shapes, but reducing the
number of poorly reconstructed shapes. In rifles for example, the baseline has
an IoU of less than 0.1 for over half the instances, whereas for our models this

number is less than 17%.

Having analyzed the distribution of performances, we now graph the re-

lations between model performances on the same input in Figure 5.7. We see
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Figure 5.6: Here we plot the IoUs in increasing order for each model-
category pair. We see that both of our new models substan-
tially outperform the baseline on rifles and vessels. A 10-shot
prior was used. Note that this is the same data as shown in
Figure 5.7.

that our models improve upon baseline performance for the vast majority of
datapoints. We confirm that our new models mitigate many bad predictions,
evidenced by clusters where the Baseline IoU is approximately 0.2 while our

models achieve double that or more.

Figure 5.7 also shows an example instance for which the reconstruction
changes significantly, and demonstrates the cause of this performance differ-
ence. Vessels are very elongated, and the only elongated category in the train-
ing set is airplanes. However, airplanes have wings and vessels do not. The

baseline, relying on the prior it has learnt on airplanes, erroneously includes
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Figure 5.7: Scatter plots of model performances vs each other for vessels.
Note that a point on the identity line has equal reconstruction
IoU across two models. Predictions from the Baseline and 3-
Iteration models for the red datapoint are shown in the bottom
row. A 10-shot prior was used.

the wings in the reconstruction. In contrast, our model uses the provided prior
to avoid this mistake. It is important to note that our model does this without
any retraining, simply by virtue of disentangling the prior from other aspects of

the reconstruction problem.

The previous discussion also suggests that improvements on different cate-
gories should vary depending on how far the class is from the set of base cat-
egories in terms of its distribution of shapes. To see if this is true, we present
the per-category accuracies of the baseline, 3-iteration full-prior, and 1-iteration
1-shot models in Table 5.5. We see that both of the new models perform impres-
sively on rifles and vessels and neutrally to poorly on cabinets. Referring back
to the average shapes presented in Figure 5.3, we note that vessels and rifles,

the two categories that our models perform best on, are both very elongated.
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Category Baseline 3-Iteration 1-Iteration 1-Shot 1-Shot Guess
Benches 0.37 0.39 (5.4%) 0.37 (0.0%) 0.13 (-64%)
Cabinets 0.66  0.62(-6.5%) 0.66 (0.0%) 0.29 (-56%)
Lamps 0.18 0.19 (5.6%) 0.19 (5.6%) 0.11 (-40%)
Sofas 0.50 0.51 (2.0%) 0.52 (4.0%) 0.33 (-35%)
Vessels 0.33 0.37 (12%) 0.38 (15%) 0.22 (-34%)
Rifles 0.12 0.16 (33%) 0.19 (58%) 0.27 (120%)

Mean 0.36 0.37 0.39 0.23

Table 5.5: Per-category transfer performances. A 1-shot prior was used
for both models. The far-right column is the result of naively
guessing a random shape from the training set. The accuracy of
our models are correlated with the accuracy of the 1-shot guess,
yet avoid large errors when 1-shot guesses are very poor.

The only elongated category in the training set is airplanes. Meanwhile, cabi-
nets have a simple blocky prior. We hypothesize that this makes the prior less
useful for learning, as such a basic shape is very simple to extrapolate from an

image.

Importance of the prior

A neccessary question to ask when implementing a prior for a model is whether
the observed performance stems from model or the prior itself. One could hy-
pothesize that the improved results we see could be due to the model simply
regurgitating the input prior. To test this, we performed experiments with a
naive baseline that simply outputs the prior without taking into account the im-
age at all. In the far-right column of Table 5.5, we show the average IoU for
such a baseline using a 1-shot prior. We see that, while the performance of this

naive guess is correlated with our model in terms of its difference from baseline
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performance, it performs significantly worse than both of our models. We also
tested the performance of the naive prior guess with up to 25 shot priors, never
observing category-wise IoU greater than 0.30. This shows that our model does
provide valuable inference, and it is the combination of the prior with this in-

ference that yields the performance.

At the other extreme of prior quality, we experimented with using the target
shape as the input prior, where the 1-iteration 1-shot model achieved an IoU
of 0.64 on the training categories and 0.41 on the novel categories This might
be because the network is combining the provided prior with both the image
information as well as general shape priors it has learnt from other classes, this
is indeed intended behavior. Finally, we note that using different 1-shot shapes

on the same image-target pair results in a score distribution with o ~ 0.05.

Performance With Inaccurate Priors An assumption of our framework is cat-
egorical knowledge at runtime, allowing the selection of a prior shape. As we
have shown, this assumption enables boosted performance on novel categories.
In Figure 5.8 we perform experiments to observe what happens when that as-
sumption breaks down. We run our model on the novel categories with priors

drawn from other randomly selected categories.

We see that the models never achieve baseline performance, implying that
categorical information is necessary to obtain the improvement that we have
seen. This might be construed as a disadvantage of the presented framework,
but it is also evidence that the model has disentangled the category-specific and
the category-agnostic aspects of the problem and is relying more on the input

prior to provide the category-specific information. In practice, given the ad-
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Model Training Categories (Validation) Novel Categories
Image-Only 0.40 0.26
1-Shot 1-Iteration 0.50 0.37

Table 5.6: Results of finetuning a ShapeNet-trained model on the common
categories of PASCAL3D+.

vanced state of image classification, knowledge of the category at test time is
a valid assumption. This assumption is in fact common in prior single-view

reconstruction work [229, 73].

It is interesting to note that the performance of the 1-iteration model trained
with 1-shot priors suffers substantially less than other models on the transfer
task when given an incorrect prior. We hypothesize that, given the high vari-
ability of 1-shot input priors, this model has come to rely less on the prior than

others.

Application to In-the-Wild Images

We finetune the 1-shot 1-iteration model on PASCAL 3D+ [221]. We train on
all 13 ShapeNet categories and 7 of the 10 non-deformable PASCAL 3D+ cate-
gories. We hold out bicycles, motorcycles and trains as these categories are not
present in the ShapeNet dataset. As seen in Table 5.6 our model far outperforms
the image-only architecture on both the training and testing categories. These
results should be considered cautiously due to extremely low variation of PAS-
CAL models, as noted in the original PASCAL 3D+ paper [221]. As observed
by Tatarchenko et al., retrieval techniques work extremely well on PASCAL, ex-

plaining why a shape prior is so useful[184].
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Figure 5.8: Performance across iterations with the model being fed a 1-shot
prior from a random training/testing category. The green line
is the transfer baseline of 0.36. We see that the models never
achieve baseline performance, confirming the neccessity of cat-
egorical knowledge when implementing the presented frame-
work.

5.6 Future Work

The proposed idea of separating out the category-specific prior as an additional
input can apply to other single-view reconstruction approaches using other rep-
resentations of shape too. The prior can be derived from other sources, such as
CAD models or geometry-based reasoning. The results of Tatarchenko et al.
also suggest that a simple category-based approach can yield state-of-the-art re-

sults on reconstruction, implying a possible crossover between our technique
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and theirs. This viewpoint of separating out category-specific priors and learnt
category-agnostic refinement can also be applied to many computer vision re-
gression problems (e.g. segmentation or shape completion) that have had rela-

tively little few-shot transfer work done on them.

5.7 Conclusion

In conclusion, we presented a new framework for 3D reconstruction that signif-
icantly improves generalization to new classes with limited training data, and
offers multi-view reconstruction for free. Our models take two inputs: the typi-
cal image of the object to reconstruct along with a shape prior. Few-shot knowl-
edge consisting of shape models can be used by inputting the average in as the
prior. Such a model can then make iterative predictions by using its own out-
put as a prior. Our model requires no novel class images and no retraining. We
identified that our model offers far less extremely poor reconstructions than the
baseline. We found that this framework peformed well on the multi-view re-
construction task. This finding in particular is surprising given that this model
is never trained on multiview. The results here show that explicit categorical

information and priors can be a powerful tool in 3D reconstruction.
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CHAPTER 6
TIMESERIES ALIGNMENT USING SELF-SUPERVISED VELOCITY
FIELDS

6.1 Introduction

Many applications require us to analyze or classify temporally varying data rep-
resented as time series. Time series analysis has been used to analyze fashion
trends [122], classify a person’s activity based on temporal data from a worn
sensor [116, 237], or even predict land-use from satellite images of extremely

coarse resolutions[128].

A simple but powerful approach for time series classification is to perform
nearest neighbors using a distance metric that allows for possible local shifts
and scales in the time series. One such distance metric, Dynamic Time Warping
(DTW)[15], attains close to state-of-the-art accuracy, and is competitive with all
but ensemble-based classifiers[11]. DTW simply computes the optimal align-
ment of two sequences (allowing for temporal shifts, dilations, and contrac-
tions) and returns the absolute difference of the aligned sequences as a distance
metric. This classification scheme, which we shall refer to as DTW-kNN, has
been shown to be effective on practically every data type in the literature and

sees widespread use due to its simplicity and efficacy.

In spite of its efficacy, DTW is computationally expensive: it is quadratic in
the length of the sequence, making it impractical for classifying long sequences.
The dynamic programming approach underlying DTW is also difficult to par-
allelize effectively. Although optimizations do exist[157, 165, 41, 222, 187], the
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fundamental quadratic complexity of full, exact DTW alignment still remains.
To be able to analyze large datasets of long sequences over multiple variables,
we must therefore look for an alternative that is fundamentally faster, yet just

as accurate.

One possible approach is to use learning to mimic DTW-based alignment.
The hope is that the learnt model, though approximate, might still be just as ac-
curate (if not more) and more importantly, considerably faster. However, many
previous attempts at doing so still end up comparing every element of one se-
quence to every element of the other (e.g., through attention)[71, 127]. Indeed
this quadratic pairwise comparison seems central to the alighment task. A re-
cent approach, DTAN, tries to circumvent this by learning to warp each time
sequence independently to a canonical reference [214]. However, we find em-
pirically that these alignments are sub-optimal, and lead to lower accuracy than

the original DTW framework.

In this paper we propose a learning-based alternative to DTW that is as ac-
curate as DTW, but is linear in the time complexity. We achieve this through two
simple but effective ideas. Our first insight is to eschew any quadratic compar-
ison of the elements in the two sequences; instead we simply concatenate the
sequences along the channel dimension and use a fully convolutional network.
Without quadratic comparisons, it can be difficult for the model to learn good
alignments. Our second insight is to make the learning problem substantially
simpler through self-supervision: we use synthetic warps to generate both data
and ground-truth labels for our network to learn. This allows us to train on
large datasets without any human-annotated labels. Our experiments on a bench-

mark of time series datasets reveal that this approach even outperforms vanilla
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DTW while being an order of magnitude faster.

Key Contributions: In this work, we present a novel architecture and train-
ing scheme which we call Self-Supervised Alignment via Velocity Fields (SSAVF).
SSAVF trains a neural network that, given two sequences, outputs an aligned
version of the first to the second. Importantly, the training is conducted with-
out either ground-truth class or alignment labels. We show that SSAVF outperforms
vanilla DTW when considered under 1-NN classification, while enjoying the as-
sociated parallelisms and optimized hardware of neural networks. This results
in both training and inference times which are an order of magnitude faster
than standard DTW libraries. We hope that this contribution enables both even
widerspread application of timeseries alignment for TSC as well as the integra-

tion of sequence alignment into novel neural architectures.

6.2 Related Work

6.2.1 Timeseries Classification

As previously noted, classical machine learning methods and DTW in par-
ticular have a rich and relevant history to the problem of TSC. Applications
of DTW-based TSC have included early Alzheimer’s detection from wear-
able sensors, voice recognition, and crop classification from Sentinel-2 satellite
imagery[196, 137, 52, 128]. A number of methods have proposed optimiza-
tions and approximations to DTW, or variants of DTW that admit gradients for

backpropagation, such works include[165, 222, 187, 179, 95, 110, 167]. Some
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variants soften index selection to admit gradients for backpropagation[41],
weight the distance computation to improve performance[84], or use the first-
order differences of sequences in addition to the raw values[65, 66]. Other
distance-based classifiers include Time Warp Edit distance[125], Move-Split-

Merge distance[178], and Complexity Invariant Distance[13].

There are also classifiers based off of dictionaries (e.g. Bag of
Patterns[113]), shapelets, or intervals. Finally, ensemble classifiers such as
Elastic Ensemble[115] or Collective of Transformation Ensembles[12] offer ex-
tremely high performance. We refer the reader to the work of Bagnall et al.
for a thorough overview and comparison of the classical TSC algorithm fami-
lies referred to above[ll]. Experiments in this domain are typically validated

primarily on the UCR Timeseries Classification Archive[44, 33, 43].

While no deep learning model has shown significant improvements over
classical methods, forays into the field should be discussed. Both recurrent
and convolutional neural networks have been considered, with convolutional
networks generally seeming to offer superior performance[171, 92]. Wang et
al. and Jiang both provide surveys comparing deep architectures with classical

baselines[213, 85].

6.2.2 Deep Learning on Sequential Data

Timeseries is not the only form of sequential data of interest to the ma-
chine learning community. Video (with or without audio), and natural lan-
guage datasets and applications have garnered intensive interest in recent

years[27, 47, 176, 203]. Typically in these applications the sequential objects

110



(video frames or words) are quite high dimensional, making a concatentation
all information impractical. Within such tasks, an image encoder[77] or word
representation[131, 130] is often used to generate a sequence of embeddings.
This stands in contrast to typical TSC problems, where the dimensionality of
the data is much smaller thus obviating the need for sophisticated encoding

schemes.

6.2.3 Maetric Learning

Metric learning methods aim to learn a useful distance function, often a eu-
clidean distance in an embedding space, to operate on data. The triplet, con-
trastive, and histogram losses[74, 81, 193] are typical examples used in training
such systems. Applications include facial recognition, person re-identification,

or image retrieval and clustering[232, 211, 193, 174].

6.2.4 Self-Supervised Learning

Self-supervised learning, particularly self-supervised representation learning
(SSRL), typically deals with the problem of finding a good feature represen-
tation for a dataset using the encoding ability of a neural network. For in-
stance, in computer vision on natural imagery (such as ImageNet[163]), a pop-
ular heuristic pretext task is having a network classify the orientation of a ro-
tated image. To do so, the network must learn semantic cues about the physical

world, which are useful features for object recognition. Other heuristic meth-
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ods include reordering shuffling[142, 111, 135], context/inpainting[47, 151],
autoencoding[199] and generative models[20]. Finally, a wave contrastive learn-
ing methods has recently dominated the self-supervised learning literature[194,
208, 76, 29, 31, 25, 72]. Initial forays into contrastive learning directly on time-
series include[136, 46].

6.2.5 Temporal/Spatial Transformer Networks

Our method, SSAVF uses a temporal warping network based partially off of
the work of Weber et al.[214]. In that work, a Diffeomorphic Temporal Alignment
Network (DTAN) is proposed. The specifics are discussed in Sec. 6.3, but here
it suffices to note that the key part of the DTAN architecture utilizes a Con-
tinuous Piecewise Affine-Based (CPAB) velocity field in the time dimension.
CPAB fields were proposed and developed in [57, 58]. Other works on tempo-
ral warping include: using sequence autoencoders to guide the choice of dis-
tance metric[3], learning application-specific temporal invariances with a simi-
lar architecture[144] or learning similar invariances in supervised classification.
[88] is an example of warping in the spatial domain where a network learns how

to warp images of birds to match pose.

6.3 Background

Let x = (x))?, and y = (y;)!", denote two univariate timeseries of length m (x;,y; €
R). We denote the distance between x; and y;, |x; —y,l, as c(i, j) and the m x m cost

matrix as C(x, y).
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6.3.1 DTW

Dynamic time warping computes a matching between x and y. This matching is
represented as a set of index pairs P = {(ix, ji)};.,, where m < M < 2m — 1 in the
general case. DTW seeks a matching that minimizes the total cost X jepc(i, j),

while satisfying the following constraints:

1. All elements of both sequences must have a match, ie., V¢ €

{1.m}3i, js.t(i, €) € P and (¢, j) € P.

2. The first and last elements are (non-exclusively) matched, i.e,

1,1),(m,m) € P

3. The mapping between indices is monotonically increasing, i.e., if ij < i,

and (i],j]) € Pand (iz,jz) c P, then j] < jz.

The final requirement enforces realism in the warping path, limiting trans-
formations to temporal shifts, contractions, and dilations, but excluding dou-
bling back or folding. This path P can be thought of as a path connecting the
upper-left and lower-right ((1,1) and (m, m)) corners of the cost matrix C(x,y)
by taking steps of Chebyshev (chessboard) length 1. The standard approach to
finding an optimal path satisfying these constraints is to recursively compute

the optimal path for submatrices of C(x, y) to minimize X ;cpc(i, j).

The above represents the unconstrained version of DTW. An additional con-
straint can be added, |i — j| < wV(i, j) € P. This hyperparameter, w, is known
as the warping window. The proper selection of w can improve performance
significantly[44, 33, 43]. To do this, k-fold cross-validation is performed on the

m

training set, a typical benchmarking standard being to test all w in {|{&i]};%.
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This supervised version of DTW, when combined with 1-NN, is an extremely
powerful baseline. For the rest of this work, we will refer to DTW without the
window constraint as DTW and DTW with the learned window constraint as
DTW-learned and consider them as unsupervised and supervised algorithms

respectively.

6.3.2 DTAN

Diffeomorphic temporal alignment networks[214] were introduced as a solution
to the problem of multiple sequence alignment (MSA). In MSA, each timeseries
(x) of a class is assumed to be the warped version of a signal that is canonically
aligned with other members of the same class. As part of learning this canonical
intra-class alignment, DTAN computes per-class barycenters of timeseries in the
aligned space. These barycenters are shown to minimize variance better than

Soft DTW or DTW Barycenter Averaging (DBA)[41, 152].

In DTAN, an input timeseries is fed into a localization network, f,., which
outputs 6, a parametrization of a velocity field, v : R — R tesselated across
the unit interval (this parametrization primarily involves computing a matrix
exponential of an augmented 6 to guarantee an invertible affine map, see [57, 58]
for details). The warping transformation 7" described by the velocity field v
can then be applied to the input sequence and the result integrated to yield a
warped version. In the original DTAN work, the loss encourages this warp to be
smooth while minimizing intra-class variance. We adapt this framework to take
two sequences as input and provide an aligning of the first to the second, thus

yielding an alternative for DTW, as detailed in the following section.
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Figure 6.1: The training scheme of SSAVE. Instead of optimizing the
aligned distance between two sequences of unknown ground-
truth alignment, the loss function is calculated betwen a known
warping parameterization 6,,,, and the network output 6. This
O,ana is obtained by sampling from a normal distribution with
standard deviation o (o~ = 0.1 in our experiments unless noted
otherwise). We find that this training formulation is crucial for
learning, and actually results in an alignment accuracy superior
to DTW for 1-NN classification.

6.4 Method: SSAVF

We consider the problem of adapting DTAN to take in fwo sequences as input

and ouput an aligned version of one to the other.

6.4.1 Architecture

Architecturally, our model is identical to DTAN except that instead of the ini-
tial temporal convolution being applied on solely the single channel of a soli-
tary input sequence, it takes as input a 2-channel timeseries: the concatena-
tion of the univariate timeseries along the channel dimension. The initial con-

volution projects the timeseries into an intermediate feature space with high
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channel dimensionality, and from there onwards the computation is identical to
DTAN, parametrizing the warp to apply to the first sequence inputted. For-
mally, if SSAVF is being trained with batch size b, the input to fj,. will be
(x,y) = u € R and the output will be § € R™" where T is the tesselation

dimension.

6.4.2 Training and Inference

Most deep alternatives to DTW attempt to approximate the exact DTW align-
ment/distance through the structure of the output[71] and/or ground truth
DTW alignments[127]. We observe, however, that such constraints on the align-
ment are not neccessarily optimal. The exhaustive pairwise alignment of DTW
is of course effective, but a successful neural aligning framework doesn’t neces-
sarily need to follow the same constraints (see DTAN as an example of this, as

it provides superior barycenters to Soft DTW and DBA).

We found that directly optimizing the aligned euclidean loss of two se-
quences did not provide a meaningful similarity network that was useful for
downstream tasks. We hypothesize that this is due to the highly non-convex
nature of the alignment loss. Instead, we drew inspiration from self-supervised
representation learning, particularly from methods in computer vision. In such
methods, creating synthetic labels (e.g., the orientation of a rotated image) and
performing classification has been shown to be a powerful method for learning
generalized feature representations[60]. Other such methods, such as jigsaw
and colorization, similarly derive a target from a transformation applied to the

data itself[142, 243].
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In the DTAN architecture, we note that the computation of the final
aligned curve from the output 6 of f,. is parameter-free, all learning occurs in
parametrizing /. This means that standalone losses are not restricted to being
computed over the final warped timeseries, T"(x), but can also be computed
on the warp parametrization 6 itself. In the case where the warping relation-
ship between the two input sequences is known, a simple mean-squared-error
(MSE) loss on 6 against the ground-truth might suffice. Since the warping of a
sequence given a 6 is parameter-free, random warps can be constructed trivially
by sampling a 6,,,s from a random distribution. Given an input sequence, x, we
draw 6,4, ~ N(0,0), (0 = 0.1) and produce a warped version of x, x,, = T ().
x and x,, are then considered as independent sequences by f,.. The output of
fioe(x,x,) = 6 is compared to the ground-truth 6,,,, for correctness, using MSE
loss. Since our method learns to align two sequences using a velocity field in a
self-supervised manner, we denote it Self-Supervised Alignment via Velocity Fields,
or SSAVF as shorthand. Note that we do not employ an auxiliary smoothing loss

as DTAN found necessary.

In subsequent sections we demonstrate that SSAVF learns an effective dis-
tance measure, for classification or otherwise despite having no ground-truth labels
or alignments during training. In fact, remarkably, gradients are never computed
between two separate sequences. During training the inputs are always pairs
of unaugmented and augmented sequences. The network never calculates the

distance between two distinct data points until inference time.

Inference. At inference time, the SSAVF network is treated as a DTW distance
function: given two sequences, it returns a distance measure over aligned ver-

sions of them. In the case of SSAVF, this distance measure is simply the eu-
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clidean distance. Furthermore, the alignment is not the optimized alignment
that DTW computes using a dynamic programming algorithm, but instead is a

warped version of one input sequence compared to the other.

6.4.3 Training Details

We follow the training protocols of DTAN. 500 batches are run with a batch
size of 64 and learning rate of le — 4 using an Adam optimizer. A tesselation
size of 16 is used to describe the velocity field, v. No data augmentations are
applied to the input sequences, apart from the architectural warping that SSAVF
does as part of training. The input sequence being warped in SSAVF training is
always an unaugmented sample from the original training dataset. We perform
experiments on the UCR Time Series Classification Archive[44], considering all

datasets of fixed input length with no missing values (113/128).

6.4.4 Time Complexity

The original DTW algorithm runs in O(MN) time [19], where M and N are the
lengths of the two sequences being matched (equivalently, O(N?) if N > M).
There have been recent attempts to improve the running time of the optimal al-
gorithm to O(N?/loglog N) [63], but the practical benefits of such a bound are
only noticeable for very large N. An approach to parallelize DTW with di-
vide and conquer achieves linear memory, but still maintains quadratic com-

pute time [188].

Other approaches that achieve O(N) time complexity are approximations, ei-
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ther learned or otherwise, but suffer from drops in accuracy when compared to
original DTW [157, 165, 41, 222, 187]. Our approach attempts to learn the time-
sequence warp through a sequence of convolutions and max-pool operations
which embed the sequences in a feature space. The continuous-piecewise affine
(CPA) based transformation is an integral solved in O(N) time [57, 58], which

also makes DTAN an O(N) approach.

Given a 2D convolution kernel size k, an input number of features (depth)
of d;, an output number of filters (depth) of d, and an input length of n, the
convolution operation is O(kd;d,n). The max-pool operation is O(kd;n), where
k is the kernel size and d; is the number of input channels. A fully connected
layer operating on an input of length n is O(d,n), where d, is the dimension
of the output sequence. Therefore, a sequence of convolutions and max pool
operations have a complexity of O(LDKN), where N is the input length, K is the
size of the largest convolutional /pooling kernel, D is the maximum of adjacent
d; X d,, where d; and d, are the input and output number of channels, L is the
depth of the network (or number of layers). Given that the network architecture
is fixed across datasets, we can treat L, D, K as fixed constants. Therefore, the

complexity of the full network is O(N), which is linear in the input sequence.

6.5 Results

We show results on the UCR Time Series Archive[43] (Table 6.1 ). In Table 6.1
we calculate the average per-dataset classification accuracy of distance metrics
in combination with 1-nearest-neighbor. We also show the theoretical time com-

plexity, as well as the actual time taken for inference. Unlike DTW which is
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Table 6.1: Nearest-neighbor mean and median accuracies for the UCR
Time Series Archive (variable-length and missing-value series
removed). The right-most two methods require class labels to
calculate similarities while the left-most four do not. The high-
est value in each category are bolded. We further compare the
peformances of these methods in Figure 6.2. We reiterate that
SSAVF’s performance is achieved via self-supervision with no
ground-truth class labels or alignments.

Euclidean DTAN (Unsup.) DTW SSAVF (Ours) | DTAN (Sup.) DTW-learned

1-NN Mean Acc. 69.4% 71.1% 73.0% 73.7% 72.2% 75.1%
1-NN Median Acc. 72.5% 75.0% 75.5% 77.5% 75.1% 77.9%
Labels for tuning alignment? No No No No Yes Yes
Complexity w.r.t. Input Length ~ Linear Linear Quadratic Linear Linear Quadratic

quadratic, SSAVF is linear in sequence length, leading to a much lower average

runtime. DTAN is also linear, but has a substantially lower accuracy.

Note that the two methods on the right (DTAN (Sup.) and DTW-learned)
use labeled data to train/tune the alignment module. In contrast, SSAVF is
trained without any labels. Tuning the window size in DTW-learned is ex-
tremely computationally expensive, thus exacerbating the computational cost.
SSAVF achieves a similar median accuracy at a much lower computational cost

through a much more lightweight training procedure.

Averaged accuracy statistics give only a partial picture of an algorithm’s
performance. With this in mind, we construct scatter plots of per-dataset per-
formances between SSAVF and DTAN and DTW, inspired by [85]. Results are
shown in Figure 6.2. We see that SSAVF has a winning record against DTW as
well as supervised DTAN. The one outlier appears in the center of each plot: This
marker represents the appliance electrical consumption dataset ACSF1[62], a
dataset with extremely high signal frequency. SSAVF constructs velocity fields

on a tesselated grid of fixed resolution, meaning the architecture has limited
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Figure 6.2: A per-dataset comparison of SSAVF vs. DTAN and DTW.
Each point in a scatterplot is a dataset of the UCR Time Series
Archive. Both axes represent accuracy, the x-axis the accuracy
of the method listed at the bottom and the y-axis the accuracy
of SSAVE. The gray dashed line is y = x, points below this line
indicate superior performance by the column method, above
by SSAVFE. At the top of each scatter is the record between the
two datasets, in the form of Wins-Draws-Losses, from the per-
spective of SSAVE.

ability to align high frequency signals. For the majority of datasets, however,
these plots indicate that SSAVF offers a robust choice of unsupervised linear-time
distance measure which performs consistently well when compared to existing

methods.

6.6 Analysis

6.6.1 Induced Distance

We compare the “distance” induced by SSAVF to Euclidean and DTW distances.
Recall that SSAVF demonstrates classification ability far superior to Euclidean
1-NN and slightly better than vanilla DTW. In Figure 6.3, we observe that the
similarity induced by SSAVF in fact is much more correlated with the Euclidean

distance than the DTW distance. This stands in contrast to what one might ex-
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Figure 6.3: Comparisons and correlations of Euclidean distance, DTW,
and SSAVF-induced “distance”. Datasets selected at random.
The set of plots in each column is for a given dataset, each
row shows a distance-distance pair. We observe that SSAVF
is much more strongly correlated with the Euclidean distance
than with DTW, despite classification performance more simi-
lar to the latter.

pect, that only by precisely capturing the DTW distance computation would
a model be able to match its performance and that the performance of DTW
would serve as an upper bound to a model trained in the manner of SSAVE.
On the other hand, this does give insight into how SSAVF can indeed surpass
the performance of vanilla DTW: if it had learned the exact metric then perfor-
mance would be identical. We visualize a sample alignment from our model in

Figure 6.4.
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Figure 6.4: Sample alignments from our model. We see that despite being
trained with a loss over suggested and synthetic warps instead
of raw values, good alignment is achieved between sequences.
For example, on the ECGFiveDays dataset, the dip of the heart-
beat in the first sequence becomes perfectly aligned to that of
the second.

6.6.2 t-SNE

We observe that SSAVF is particularly effective on a specific type of data from
the UCR Archive: electrocardiogram (ECG) readings. Here SSAVF has mean ac-
curacy of 87.7%, a percentage point higher than any other method. We observe
the clustering abilities of SSAVF in Figure 6.5. SSAVF forms extremely coherent
clusters: for the majority of datasets, classes are partitioned almost perfectly. Vi-
sually the cluster quality seems to exceed that of all other methods, even DTAN

which benefits from label supervision during training.

6.7 Conclusion

In summary, we have presented a new deep metric learning approach for time-
series and demonstrated its classification ability. At its core, our approach is

a learned neural network that aligns time series with complexity linear in the
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Figure 6.5: t-SNE[118] plots for considered methods on all traditional
ECG datasets from the UCR Archive. We see that SSAVF is

particularly effective for this datatype, forming very coherent
clusters.

length of the sequence. This neural network is trained without supervision,
using randomly warped time series as a self-supervisory signal. The resulting
model is as accurate as DTW while being substantially faster, and is also more
accurate than other fast, learned approximations. In the future, we aim to ex-
pand this model to be generalizable across timeseries, providing all-purpose

utility as ImageNet-trained models have historically given to computer vision.
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CHAPTER 7
CONCLUSION

I conclude with a discussion of several ways in which I anticipate this field

evolving, and how my presented work will play a role.

7.1 Avenues of General Improvement

The results of Chapter 3 are extremely exciting, as they reveal the possibility of
intelligently improving pretrained features without any additional knowledge
outside of the new images themselves. This practically free lunch demonstrates
that network embeddings contain more information than the head network has

learned how to exploit.

The interaction of various networks when ensembled in such a manner is
ripe for exploration. Different networks tend towards different biases and er-
rors, and finding the optimal set of networks to use on a given problem would
be of great interest (such selection would play into the work of Chapter 4). Fur-
thermore, the necessary strength of the ensembled networks is similarly unex-
plored. In our work we used exclusively networks already known to provide
good representations. What if the representations are similarly trained but of
lower quality? Or even random? This self-supervised ensembling opens up a
whole new possible sub-field of intrigue that could dramatically change how

we use pretrained networks in application.

From a technical perspective, this method also opens the door to more tai-
lored methods of feature improvement, where self-supervised head networks

can be trained on top of a fixed set of frozen feature extractors. An example of
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the above might be shaping the representation space’s distribution using a prior
or imposing another such structure. Additionally, we did not employ image
augmentations in our work. Learning a mapping of the original representation
space to a feature space invariant to one or multiple augmentations is a promos-
ing avenue. Such augmentations might be able to be identified automatically to

preserve the universal applicability of our method.

7.2 Expert Selection

The field of expert selection is nascent, with the initial foray[4] only being pub-
lished two years ago and with little academic interest thus far. Despite this
current lack of general interest, there are reasons to believe that this field offers
long-term promise. As the use of computer vision continues to proliferate, so
does the number of computer vision datasets. As time goes on, it is increasingly
rare to work on a collection of imagery dramatically different from any before.
While labeling is expensive, the accumulation of such labeling in the commu-
nity over time will help begin to desparsify the dataset space and make expert

selection pretraining increasingly valuable in practice.

There are also multiple ways in which the notion of expert selection can be
adapted for higher impact. First off, only image data was considered in this
work; the possibility of application to other data types is fully unexplored. Next,
the problem of Chapter 4 can be construed in the more general case as choosing
how to perform pretraining for a given task. Here we have focused solely on super-
vised pretraining on the entirety of a single other dataset, but more choices exist.

For example, per-example selection could be made. In this setting an algorithm

126



would flexibly select a subset of an image collection to use in pretraining instead
of a single group of images. Furthermore, leveraging the insights of Chapter 2,
methods of self-supervised training could be automatically selected by similar
algorithms. All of these directions would be valuable automatic machine learn-
ing contributions which would help improve the practice of deep learning by

non-specialists.

7.3 CLIP and Other Web Supervision

While the story of computer vision up until now has been unwritable without
mention of ImageNet pretraining; a new method, called Contrastive Language-
Image Pretraining (CLIP)[155], offers an extremely exciting alternative that has
begun seeing widespread use in the past few months. CLIP is a method of learn-
ing a joint language-vision embedding space, trained in the cited paper on the
captions of 400 million online images. Classification across any set of classes
on a novel image can then be performed by measuring the similarity of the
corresponding visual embedding with language embeddings of the class name
textual embeddings. This process leverages the vast diversity of the data seen
by a CLIP network in pretraining. CLIP has achieved state-of-the-art zero-shot
classification on a wide variety of tasks and has seen many applications such as
video understanding or image and shape generation/manipulation[6, 166, 227].
Such models offer a very intriguing option of zero retraining being needed, not
even a head network. This is one of the most fundamental and exciting ad-
vances in the last several years of computer vision. With computational re-
sources increasing, web supervision is becoming increasingly practical for at

least a subset of research groups. While there is great promise in the power and
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application of such methods, there are concerns that will need to be addressed.
It is well documented that biases (both societal and statistical) can exist in both
curated and uncurated datasets[22, 207], and this problem is very prominent in
web content. Web-trained models must be applied carefully to not suffer from
these biases, and the study of debiasing the feature space in transfer learning

(particularly debiasing in a dataset-specific manner) has been largely unstud-

ied.

7.4 Recreating Success on Other Data Modes

This thesis has focused predominantly on computer vision, discussing the re-
markable transferability of a single family of pretrained vision models, the in-
ception of which jumpstarted the field of deep learning and computer vision
as a whole. Natural language processing has recently enjoyed a similar phe-
nomenon, with models such as BERT and GPT[47, 156] providing widespread
out-of-the-box applicability and finetuning. These successes have both been
immediately followed by huge waves of application where the vast majority of
benchmark tasks behave like proverbial nails to the hammer of the pretrained
model. For many data types, this event has yet to occur. I discussed in Chap-
ter 6 the promising beginnings of self-supervision on timeseries data. In time
I hope to create a generalizable model that can be as broadly applied to time-
series data as the pretrained models mentioned throughout this work. Audio
is another domain with increasing interest where a generic pretrained feature

extractor could yield many applications in rapid succession.

Even established fields such as reinforcement learning and 3D “vision” do
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not yet have any network that comes as close to a panacea as large vision and
language pretrained models. These domains represent a small fraction of the
possibilities for deep learning. The physical sciences offer a vast variety of data
types. Just from a classification perspective: numerical specifications, schemat-
ics (e.g. blueprints or CAD files), chemical concentration measurements, net-
works, haptics, olfactory data, and large-scale systems (e.g. finite element
method scenarios) exist and as of now have received relatively little attention

from the perspective of generalizable models.

Finally, classification is perhaps the simplest machine learning task; how-
ever large the input data the ultimate goal is to reduce it down to a precise
vector with as many dimensions as the number of classes (or another similar
form). Other vision problems, such as segmentation, detection, depth estima-
tion, etc., can be, and typically are, formulated as granular classification prob-
lems. Overall, a surprising amount of current vision problems reduce down to
some number of classification tasks where the goal is simplification. Data gen-
eration is a task in the opposite direction, with the goal of making a complex
structure from a simple goal or prompt. Current examples of practical applica-
tions in computer vision include domain translation (e.g. sketch to image, im-
age blending) and attribute manipulation/photograph editing (e.g. de-aging,
rain removal, super resolution). As of now, there is very little model unifica-
tion across the sub-fields as there has been in predictive (classification) tasks;
text-to-image (possibly leveraging CLIP as in [6]) is perhaps the most related
current work. Language, on the other hand, already has a near-universal text
generator in the previously mentioned GPT model. These language generators
have even been adapted to tasks such as fine-grained protein generation[119].

Reliable, customizable, universal generators being developed for vision would
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be extremely impactful itself. If such generation could be achieved on domains
such as schematics or networks, it could fundamentally change how many en-

gineering tasks are performed.
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