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WEME: Artificial Intelligence (Al) is the science of mimicking human intelligences and
behaviors. Machine Learning (ML), a subset of Al, trains a machine how to use algorithms or
statistics to find hidden insights and learn automatically from data. Deep learning (DL) is one of
machine learning methods where we use deep neural networks with advanced algorithms such as
auto-encoding or convolution to recognize patterns in data. Al has become very successful recently
due to the availability of huge data and powerful supercomputers. Many applications such as speech
and face recognition, image classification, natural language processing, bioinformatics, health
informatics such as disease prediction and detection suddenly took great leaps due to the advance of
Al. Although various Al architectures and novel algorithms have been invented for many bio and
health applications, better explainability, increasing prediction accuracy and speeding up the
training process are still challenging tasks among others. In this talk, 1 will outline recent
developments in Al research for bioinformatics and health informatics. The topics discussed include
proposing more effective architectures, intelligently freezing layers, gradient amplification,
effectively handling high dimensional data, designing encoding schemes, mathematical proofs,
optimization of hyper-parameters, effective use of prior knowledge, embedding logic and reasoning
during training, result explanation and hardware support. These challenges create a huge number of
opportunities for people in both computer science and health care. In this talk, some of our solutions
and preliminary results in these areas will be presented and future research directions will also be
identified.
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KL EBIE 2: New Streaming Algorithms for High Dimensional EMD and MST
w® & AN B SRR EN R @8R
WERE: 2021 47 H 24 H (E#I7S) B4 9:50-10:35
#HEFHEH: New Streaming Algorithms for High Dimensional EMD and MST
WM E: We study streaming algorithms for two fundamental geometric problems: computing the
cost of an Minimum Spanning Tree (MST) of an n-point set from [m]*d, and computing the Earth
Mover Distance (EMD) between two multi-sets from [m]~d of size n. We consider the turnstile
model, where points can be added and removed. We give a one-pass streaming algorithm for MST
and a two-pass streaming algorithm for EMD, both achieving an approximation factor of O(log n)
and using polylog(n,d,m)-space only.

Our algorithms are based on an improved analysis of a recursive space partitioning method
known as the Quadtree. Specifically, we show that the Quadtree achieves an O(log n)
approximation for both EMD and MST, improving on the previous best bounds of O(min(log n,

log(md)) log n).

L3 EJr: XiChenis an associate professor in the Computer Science
Department at Columbia University. He obtain his PhD from Tsinghua
University in 2007.

Before joining Columbia, he was a postdoctoral researcher at the Institute
for Advanced Study, Princeton University and University of Southern

California. His research interests lie in algorithmic game theory and
\ :
I complexity theory.
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AeFEME 3: Hierarchical Graph Pooling Method in Graph Neural Networks
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W& H . Hierarchical Graph Pooling Method in Graph Neural Networks

W5 E: Graph Neural Networks (GNN) have achieved advanced performance in many fields
such as traffic prediction, recommendation systems, and computer vision. Recently there
are majorities of methods on GNN focusing on graph convolution, and less work about pooling.
Existing graph pooling methods mostly are based on Top-k node selection, in which unselected
nodes will be directly discarded, caused the loss of feature information. In that case, we propose a
novel graph pooling operator called Hierarchical Graph Pooling with Self- Adaptive Cluster
Aggregation (HGP-SACA), which uses a sparse and differentiable method to capture the graph
structure. Before using Top-k for cluster selection, the unselected clusters are aggregated by an
n-hop, and the merged clusters are used for Top-k selection, so that the merged clusters can contain
neighborhood clusters enhancing the function of the unselected cluster. This can enhance the
function of the unselected cluster. Through extensive theoretical analysis and experimental
verification on multiple datasets, our experimental results show that combining the existing GNN
architecture with HGP-SACA can achieve state-of-the-art results on multiple graph classification
benchmarks, which proves the effectiveness of our proposed model. Moreover, the selection of
Top-k in most graph pooling methods is based on experience, We propose a reinforcement learning
method to select the best pooling ratio which is called RL-TOPK. We apply our method to several
pooling methods based on Top-k selection. The experimental results show that we can quickly find
the best pooling ratio, and the accuracy of the model has been further improved. Besides, we are
also interested in dynamic graphs. This kind of graph that changes over time is currently rarely
studied. we leave this as future work. And neighborhood aggregation-based GNN also is a main
direction in our future work.
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Bioinfor-matics S &E4mZe. Mt & IEEE Fellow, BEIBRMEIR% 2 (IAPR) Fellow, 2000
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AeFgME 5: Dynamic Learning Algorithms for Online Linear/ Nonlinear Optimization
Problem

w®EHF AN ETs FiEPOORYE GRID BI#HER

WAERE]: 20214E7 H 25 H (BRHIR) 4 9:50-10:35

HwEMHE: Dynamic Learning Algorithms for Online Linear/Nonlinear Optimization Problem
WEME: In this talk, we will study a class of online optimization problems. In this problem, the
underlying optimization problem is a linear program, however, its constraint matrix is revealed
column by column along with the corresponding objective coefficient and a decision variable has to
be set each time a column is revealed without observing the future inputs. The goal is to maximize the
overall objective function. In this talk, we provide a near-optimal algorithm for this general class of
online problems under the assumption of random order of arrival of the columns and some mild
conditions on the size of the LP right-hand-side input. Specifically, our learning-based algorithm
works by dynamically updating a threshold price vector at geometric time intervals, where the dual
prices learned from the revealed columns in the previous period are used to determine the sequential
decisions in the current period. Due to the feature of dynamic learning, the competitiveness of our
algorithm improves over the past study of the same problem. We also present a worst-case example
showing that the performance of our algorithm is near-optimal. We will further extend the results to
nonlinear optimization problems and discuss some extensions to high-dimensional decision-making

cases.
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EEERIZEREIRE 2: CytoTalk: De novo construction of signal transduction networks using
single-cell transcriptomic data
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W&/ H: CytoTalk: De novo construction of signal transduction networks using single-cell
transcriptomic data

& % E . Single-cell technology enables study of signal transduction in a complex tissue at
unprecedented resolution. We describe CytoTalk for de novo construction of cell type—specific signaling
networks using single-cell transcriptomic data. Using an integrated intracellular and intercellular gene
network as the input, CytoTalk identifies candidate pathways using the prize-collecting Steiner forest
algorithm. Using high-throughput spatial transcriptomic data and single-cell RNA sequencing data with
receptor gene perturbation, we demonstrate that CytoTalk has substantial improvement over existing
algorithms. To better understand plasticity of signaling networks across tissues and developmental stages,
we perform a comparative analysis of signaling networks between macrophages and endothelial cells
across human adult and fetal tissues. CytoTalk enables de novo construction of signal transduction

pathways and facilitates comparative analysis of these pathways across tissues and conditions.
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