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We would like to share our research progress in
developing various imaging algorithms for X-ray
applications in medicine and in industry. Low—dose dual-
energy X-ray imaging is under our particular interest that
enables material decomposition via exploiting nonlinear
attenuation properties of materials. We will introduce a
fast and efficient calibration method that can also
address nonuniform X-ray spectral characteristics across
the field-of-view in cargo inspection. Sparsely sampled
computed tomography imaging techniques for medical
applications will also be presented that are largely
inspired by the compressed sensing spirit and also by
deep-learning mind.
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Disentangling Representation
and Adaptation Networks for
Unsupervised Cross—Domain
Adaptation
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* Assistant Professor, DGIST, Daegu, Korea, 2019.09-present

* Visiting Scholar, Carnegie Mellon University, PA, USA, 2019.06-2019.08
* Research Intern, Microsoft Research, Beijing, China, 2018.02-2018.08

* Ph.D., KAIST, 2016.03-2019.08

* Microsoft Research Fellowship, 2018.

oo JC_)I_QIF

Deep learning has since yielded numerous state—of-the—
art results in visual recognition and plays a role in a wide
swath of Al applications. Due to the data—hungry nature
of deep neural networks, the method requires an
enormous number of training data with its corresponding
ground-truth labels, which are generally annotated by
humans. Since manual annotation is considerably time-
consuming and expensive, synthetic datasets generated
by 3D graphics tools have recently been utilized as an
alternative. However, the networks trained along with the
synthetic data do not generalize well to the real-world
datasets. As a way to alleviate this issue, this talk
introduces DRANet that tackles the issue by disentangling
image representations and transferring the visual
attributes in a latent space. Unlike the existing domain
adaptation methods that learn associated features
sharing a domain, DRANet preserves the distinctiveness
of each domain's characteristics and allows bi-/multi-
directional domain adaptation with a single encoder—
decoder network.
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End-to—End Learning for
Visual Recognition of
Low-Resolution Images
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Most of the researches related to visual recognition have
focused on strengthening its neural networks to increase
recognition accuracy. In this talk, we propose an
integrated framework that supports accurate
magnification to improve visual recognition performance.
To this end, a huge dataset including images and labels
of objects of interest is built on our own, and two
networks of super-resolution and object recognition are
trained simultaneously using the combined loss function.
In addition, geometrically consistency prior and
ensemble prior can be applied as extensions of the
objective function. Finally, the effect of the end-to—end
learning performance is verified via the experiment.
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