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RESEARCH STATEMENT

The central problem that 1 am pursuing is how neural circuits lead to function. By relying on
recent advances in statistics, signal processing and machine learning techniques, | focus my
research on developing computational tools for neural circuit reconstruction (the connectomics)
[1-4] and biophysically motivated models for neural information processing [5, 6]. | applied
compressive sensing to improve the efficiency of electrophysiological approach for probing
sparsely connected neural circuit [1]. | also developed an unsupervised learning algorithm to
improve the depth resolution of electron microscopy, which greatly improves the ability of
tracing neural processes automatically [3, 4]. | believe for the understanding of brain function,
not only reconstructing brain wiring diagrams is necessary, but constructing theoretical models
to infer the computation from neural circuitry is also indispensable. In this direction, | developed
a biophysically plausible spiking neural network for sparse coding [5], and a non-linear
predictive coding model for information processing in early sensory systems such as retina and
olfactory bulb in vertebrates or antennal lobes in invertebrates [6]. These topics provide ample
opportunities to participate in collaborative, interdisciplinary research addressing the
fundamental issues of neural information processing. Below is a summary of my recent research
and the agenda in the future.

CURRENT RESEARCH

1. Biophysical Models of Sensory Coding

1.1 Early sensory processing as non-linear predictive coding

Early stages of sensory systems face the challenge of compressing information from a large
number of receptors onto a much smaller number of projection neurons, a so-called
communication bottleneck. To make more efficient use of limited bandwidth, compression may
be achieved using predictive coding, whereby predictable or redundant components of the
stimulus are removed. In the case of the retina, Srinivasan et al. [7] suggested that feed-forward
subtraction of a linear prediction generated from nearby receptors implements such compression,
resulting in biphasic center-surround receptive fields. However, inhibition often operates in a
feedback manner and with non-linear input output transformations, considerably complicating
the dynamics of such circuits. I solved the transient non-linear recurrent dynamics of a generic
early sensory circuit in response to a step-like stimulus [6]. | showed that interneuron activity in
time constructs progressively less sparse but more accurate representations of the stimulus, thus
providing a powerful theoretical framework to understand the dynamics of early sensory
processing in a variety of physiological experiments. | proved that threshold-linear neurons are
superior to both linear neurons and direct transmission. More generally, our results demonstrate

1
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that highly non-trivial computations, at the forefront of modern signal processing, can be mapped
onto a concrete neuronal circuit.

1.2 Sparse coding using a spiking neural network

Many natural signals can be sparsely represented as linear combinations of a few feature vectors
(or elements) chosen from an over-complete dictionary. The importance of sparse representations
has long been recognized in applied mathematics and in neuroscience. In applied mathematics,
sparse representations lie at the heart of many important developments. In signal processing,
such solutions serve as a foundation for basis pursuit de-noising, compressive sensing and object
recognition. In statistics, regularized multivariate regression algorithms, such as the Lasso or the
elastic net, rely on sparse representations to perform feature subset selection along with
coefficient fitting. In neuroscience, electrophysiological recordings and theoretical arguments
demonstrate that most neurons are silent at any given moment. Given the ubiquity of sparse
coding, how neural networks compute sparse representations remains a challenging question. |
proposed a hybrid distributed algorithm (HDA), which computes sparse redundant
representations using a biologically inspired network of integrate-and-fire neurons [5]. HDA
neurons perform both gradient-descent-like steps on analog internal variables, i.e. the sub-
threshold membrane potentials, and coordinate-descent-like steps via quantized external
variables communicated to each other, i.e. the spike trains. | proved the convergence of HDA
and showed that it is stable against time-varying noise, specifically, the representation error
decays as v/t for Poisson noise. Since HDA works on a network of simple nodes communicating
via low-bandwidth channels, it may also be useful for sensor networks with limited energy
budget.

2. Computational Methods for Neural Circuit Reconstruction and Statistical Analysis on
Brain Tissue Ultrastructures

2.1 Reconstructing sparse circuits using multi-neuronal excitation (RESCUME)

Synapses onto a neuron can be probed by sequentially stimulating potentially pre-synaptic
neurons while monitoring the membrane potential of the post-synaptic neuron. Reconstructing a
large neural circuit using such a “brute force” approach is rather time-consuming and inefficient
because the connectivity in neural circuits is sparse. Instead, | proposed an approach [1] which
measures a post-synaptic neuron’s membrane potential while stimulating sequentially random
subsets of multiple potentially pre-synaptic neurons. To reconstruct these synaptic connections
from the recorded potential I applied a decoding algorithm recently developed for compressive
sensing. Compared to the brute force approach, our method promises significant time savings
that grow with the size of the circuit. Multi-neuronal stimulation allows reconstructing synaptic
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connectivity just from the spiking activity of post-synaptic neurons, even when sub-threshold
potential is unavailable. | also applied our method to map the receptive fields of retinal ganglion
cells from recorded sub-threshold potentials or spike trains [1]. Compared to the conventional
reverse correlation or spike trigged average approaches, our method requires much less recording
time, which is valuable for studying some fast adaptation problems.

2.2 Ultrastructural analysis of hippocampal neuropil from the connectomics perspective
Smaller invertebrate circuits can be reconstructed using serial section transmission electron
microscopy (SSTEM) by identifying synapses and manually tracing pre- and postsynaptic
neuronal processes to their cell bodies as has been demonstrated for the C. elegans nervous
system. However, reconstructing vertebrate circuits using sSTEM manually is impractical. |
automated registration and segmentation for sSTEM and fully reconstructed an unprecedented
volume of 670 um?® from the rat hippocampus [2]. Although the reconstructed volumes are too
small to contain complete circuits, they demonstrate that sSTEM can be scaled through
automation. In addition, | used the reconstructed volumes as proving grounds to determine
whether other approaches based on proximities between axons and dendrites can yield reliable
predictions of synaptic connectivity. | found, first, in contrast to Peters’ rule, the density of axons
within reach of dendritic spines did not predict synaptic density along dendrites because the
fraction of axons making synapses was variable. Second, an axo-dendritic touch did not predict a
synapse; nevertheless, the density of synapses along a hippocampal dendrite appeared to be a
universal fraction, 0.2, of the density of touches. Finally, the largest touch between an axonal
bouton and spine indicated the site of actual synapses with about 80% precision but would miss
about half of all synapses.

2.3 Limited angle tomography: neural circuit reconstruction using computational super-
resolution

Reconstructing neuronal circuits on the synaptic level is a central problem in neuroscience. Large
range of scales in brain architecture requires both high-resolution and high-throughput imaging.
Existing electron microscopy (EM) techniques possess required resolution in the lateral plane
and either high-throughput or high depth-resolution but not both. I exploited recent advances in
unsupervised learning and signal processing to obtain high depth-resolution EM images
computationally without sacrificing throughput. | found that the brain tissue can be represented
as a sparse linear combination of localized basis functions that are learned using high-resolution
datasets. Inspired by compressive sensing, | developed a technique called limited angle
tomography that can reconstruct the brain tissue from very few tomographic views (typically 5)
of each section [3]. In addition, | developed a method for detecting the high resolution locations
of membranes directly from low depth-resolution images by learning a discriminative, over-
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complete dictionary [4]. These works facilitate tracing of neuronal processes and, hence, high
throughput reconstruction of neural circuits to the level of individual synapses.

3. Signal Processing Algorithm

Better understanding of neural information processing also helps developing novel signal
processing algorithms. For example, the above-mentioned HDA both serves as a model for
neural computation and a method implementable to practical sensor networks. Inspired by sparse
coding and online-learning, | proposed a sparse version of the least-mean-square (LMS)
algorithm for adaptive signal processing called online linearized Bregman iteration (OLBI) [8].
Many signal processing tasks, such as signal prediction, noise cancellation or system
identification, can be solved using adaptive linear filters. LMS is one of the most popular
algorithms for adjusting filter weights. | considered signals whose true filter is sparse, containing
only a few non-zero weights. | derived OLBI in the online learning framework by using the
Follow-The-Regularized-Leader strategy and considering a non-differentiable sparsity inducing
regularizer, the 13-, norm known as elastic net. | demonstrated numerically that the performance
of OLBI is superior to that of the recently developed sparse LMS algorithms.

FUTURE RESEARCH PLANS

Through existing and new collaborations, | will move forward in developing a long-term
interdisciplinary research program that contributes to the understanding of fundamental issues of
neural information processing. | will continue to explore the principles underlying early sensory
information coding and would like to expand my research to the hierarchical processing of
progressively specialized and invariant features by cortical neurons. |1 am also interested in the
computational issues that arise in the study of motor control and motor learning, e.g. the
functional roles of neuronal redundancy which results in an over-complete representation of
muscle activities. These topics are synergistic with the other focus of my interest, the
connectomics, since the computational models both rely on the information from wiring
diagrams and sharpen the questions addressed to them. In this direction, | want to develop
computational methods for neural imaging and data analysis. Here | describe a few directions on
which I expect to work in the near future.

1. Sensory Coding of Time-varying Stimuli

Natural time-varying stimuli are highly redundant, possessing significant temporal correlations
over a wide range of time scales. For example, a turbulent odor plume contains a scale-free



Tao Hu Research Statement

distribution of fluctuations in odor concentration. How neurons encode such stimuli efficiently
remains a challenging problem for sensory neuroscience. In our recent work [6], | considered
how a population of non-linear graded neurons encodes a step stimulus. | would like to extend
the theoretical framework of predictive coding [6] and sparse coding [5] to investigate the
optimal coding of naturalistic signal varying on multiple time scales, and develop a spiking
neural network model which captures the key features of sensory processing in early sensory
systems, such as retina and olfactory bulb in vertebrates or antennal lobes in invertebrates.

2. Computational Super-resolution for Light Microscopy

| plan to extend my research on computational super-resolution for electron microcopy [3] to
light microcopy. Light microscopy is ideal for imaging live samples. However, its resolution is
limited by diffraction; objects which are closer than half the wavelength of the light are not
distinguishable. In general, the high spatial frequency in the sample lost in the microscope is
unrecoverable. However, in many practical applications, biological samples are sparsely labeled
fluorescently. Inspired by compressive sensing, | intend to develop sparsity regularized de-
convolution techniques to improve the resolution of conventional light microscope. Such
technique may also be valuable for improving the throughput of physical super-resolution
techniques, e.g. photoactivated localization microscopy (PALM). If multiple molecules can be
reliably localized in one point spread function, one can take fewer images each with more
molecules to get a PALM image containing the same number of localized molecules.

3. Online Sparse Logistic Regression

Biomedical data, for example the microarray data and fMRI data, usually comprise large number
of samples with highly correlated features. Under such condition, many common un-regularized
batch learning approaches fail because of the high demands on memory storage and computation
efficiency, and the potential danger of over-fitting. A widely used data mining technique is
logistic regression. | am interested in developing an online logistic regression algorithm,
incorporating the (;-regularization to promote sparse feature selection and thus make the
classifier and classification decisions more comprehensible to people.
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TEACHING STATEMENT

Becoming a professor at a university has always been my career goal, not only because | love the
excitement of doing research, but also because | enjoy the pleasure and challenge of teaching.
While | was a Ph.D. student at the University of Minnesota, | was lucky enough to have the
opportunity to teach several introductory physics courses as a teaching assistant during academic
years 2003-2007. These four years of teaching experience have affirmed my passion for teaching
and significantly deepened my understanding of teaching.

At the core of my teaching philosophy lies my concern for students. In order to better understand
their needs and feelings, | always try to recall my own experience as a student studying the same
material. At the beginning of each course, | collect information from students to know more
about their backgrounds and their purpose for taking the course. Besides the course evaluation
required by the university usually at the end of the semester, | also administer anonymous course
evaluations in the middle of the course so that I can recognize any problems | have and adjust my
teaching methods in time. Depending on students’ needs and backgrounds, the subject matter of
the course and the size of the class, my teaching methods vary. However, no matter what course |
teach, | always keep the following three principles in mind.

First of all, I believe interactions with students are very important. According to cognitive
neuroscience, meaningful engagement with information is far more effective in the formation of
long-term memory than mere passive listening. Therefore, | endeavor to encourage my students
to actively participate in class. For example, | usually initiate a class with questions inviting
students to think by themselves before | lecture. Whenever possible, | engage students in group
work, discussion or projects. | also encourage them to interrupt me at any time with any
comments or questions. | welcome them to challenge me or other authorities, which usually
elicits stimulating discussions and also gives me inspiration for my own research from time to
time.

Moreover, as a teacher, my role is not simply to impart factual knowledge; more importantly, my
job is to provide the means for students to acquire knowledge independently and to utilize
learned ideas and methods in new situations. | want my students to view the learning of science
as a process of problem-solving and discovery rather than the ingestion of facts. Therefore, |
strive to stimulate students’ logical thinking, critical thinking, problem-solving, collaboration and
communication skills, which will be imperative for their success no matter what field they
ultimately choose. When students ask me how to solve a problem, I usually don’t tell them the
answer directly. Rather, | teach them how to break a bigger problem into several smaller steps
and provide them with hints of possible methods and necessary sources to refer to. Usually,
1
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students will come back with a much deeper understanding of the subject and a sense of
achievement after they accomplish the task by themselves.

Last but not least, | devote myself to fostering students’ interest in the subject of the course.
There is nothing better than the feeling of transferring my passion for science to my students. |
feel that my students can sense my enthusiasm and become more interested in the subject
themselves. To keep the course interesting and relevant for both majors and non-majors, | also
relate the course content to real world examples and present related illustrations and videos
whenever applicable. When there are students who show interest in specific topics, | always
encourage them to do further study or research, and | am willing to offer guidance and assistance
on additional readings and projects. | hope students can recognize the beauty and elegance of
science as | do and even become scientists themselves one day.
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