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ABSTRACT OF THE THESIS

Understanding Learned Visual Invariances
Through Hierarchical Dataset Design and Collection

by
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While CNNs have enabled tremendous progress in computer vision for a variety of tasks,
robust generalization across domain, viewpoint, and class remains a signi cant challenge. This
thesis therefore centers around a new hierarchical multiview, multidomain image dataset with
3D meshes called 3D-ODDS. Data was collected in several ways, involving turntable setups,
ying drones, and in-the-wild photos under diverse indoor/outdoor locations. Experiments were
subsequently conducted on two important vision tasks: single view 3D reconstruction and image

classi cation. For single view 3D reconstruction, a novel postprocessing step involving test-

Xiv



time self-supervised learning is proposed to help improve reconstructed shape robustness. For
image classi cation, we consider an adversarial attack framework using perturbations which are
semantically imperceptible based on human subject surveys. For both tasks, experiments show
that 3D-ODDS is a challenging dataset for state of the art methods and is useful in measuring
class, pose, and domain invariance. We believe that the dataset will remain relevant moving

forward, inspiring future works towards robust and invariant methods in computer vision.
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Chapter 1

Introduction



Figure 1.1 Data collection for 3D-ODDS domains. OTURN uses a high resolution camera
turntable setup, for generating 3D meshes with structure-from-motion. OOWL is captured
using a drone camera, mid- ight. OWILD depicts objects in diverse indoor/outdoor locations,
captured using smartphone cameras.

Over the past decade, convolutional neural networks (CNMN&)32, 28] have led to
tremendous progress in computer vision. Signi cant advances have been made for many tasks (e.g.
classi cation, regression, retrieval, segmentation, detection, 3D reconstruction, and gen8@tion |
122, 127, 108]), under many machine learning paradigms (e.g. fully supervised, self supervised,
unsupervised, and low-sh@§, 107, 67]). This is in large part enabled by recent advances in
hardware (especially GPUB(]) and large scale datasets collected on the intettf#§t However,
generalizability and robustness is still a signi cant challenge. For example, although state of the art
methods can now achieve up to 90.2% top-1 and 98.8% top-5 classi cation accddhonlarge
scale datasets like ImageNet, they are vulnerable to adversarial a#&8cK4,[66, 87], indicating
a lack of robustness. All datasets are also to some degree subject to particulardga88is [

Thus, methods trained on them can incur “blind spots”, making them insuf ciently generalized

to images encountered in the real world. Alarmingly, these weaknesses can be “hidden” under
misleadingly high test set performance — a dataset's test set is insuf cient to reveal generalizability
weaknesses, since it is ultimately drawn from the same distribution as the training set. In this
thesis, it is hypothesized that an external dataset with controlled, hierarchical levels of variability
would effectively reveal these generalizability blind spots in state of the art methods. A new
dataset satisfying these characteristics is presented, several experimental results are described,

and methods are proposed to improve robustness and generalizability.



Figure 1.2 The proposed 3D-ODDS dataset incorporates many objects from 16 classes. Along
with 3D mesh scans, real-world images are systematically captured from 3 domains and 8
azimuth angles.

1.1 Robustness and Invariance in Computer Vision

In the context of computer vision, a model is considenaulistif its predictions are
correct and consisteningariant) regardless of appearance-based changes in its input. That is,
to a reasonable extent (i.e. that of the human visual systén3§]), external factors affecting
image appearance like camera quality, viewpoint, lighting, color, rotation, background, scale, and
spatial translation should not affect the accuracy of the prediction. This has been a fundamental
challenge in computer vision, from its origins to present day. For example, the Harris corner
detector R5] is a classical method for image feature extraction, whose corner-based features
are generally invariant to translation, rotation, and illumination. S features built on top
of this by also enabling scale invariance and some local af ne invariance, through a pyramidal
difference of Gaussians approach. Overall, these classical methods are handcrafted and can
generally only enable invariance with respect to low-level, geometrical properties like scale, af ne
transformation, and rotation.

More recently, CNNs have been incredibly popular and are trained using large datasets,

allowing for more abstract and complicated invariances like viewpoint, lighting, and back-
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