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1 General Information

Introduction

This workshop gathers young researchers in China to discuss recent progress in Uncertainty
Quantification and Machine Learning techniques and their applications in imaging processing,
data sciences, and mathematical physics. The goal is to promote stronger collaborations among
active researchers in these frontiers of scientific computing and applied mathematics.

Acknowledgement

This conference is supported by Institute of Natural Sciences, MOE Key Lab on Scientific and
Engineering Computing, National Natural Science Foundation of China.

Date

June 5-6, 2019

Venue

Room 306, No. 5 Science Building, Minhang Campus, Shanghai Jiao Tong University

Organizer

• Shi Jin, Shanghai Jiao Tong University, Shanghai, China

• Lei Li, Shanghai Jiao Tong University, Shanghai, China

• Min Tang, Shanghai Jiao Tong University, Shanghai, China

• Xiaoqun Zhang, Shanghai Jiao Tong University, Shanghai, China
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2 Schedule

2.1 Day 1, 5 June, Wednesday

Time Speaker Title
08:30 - 09:00 Registration
09:00 - 09:30 Guang Lin Efficient Deep Learning Techniques for Multiphase

Flow Simulation in Heterogeneous Porous Media
09:30 - 10:00 Zuoqiang Shi PDE-based Methods for Interpolation on High Di-

mensional Point Cloud
10:00 - 10:30 Lijian Jiang Adaptive Gaussian mixture model based on im-

plicit sampling for Bayesian inverse problems
10:30 - 11:00 Group photo & Coffee Break
11:00 - 11:30 Tao Zhou Adaptive multi-fidelity surrogate modeling for

Bayesian inference in inverse problems
11:30 - 12:00 Lei Li On validity of diffusion approximations for Stochas-

tic Gradient Descent
12:15 - 13:45 Lunch
14:00 - 14:30 Xiaoqun Zhang Data driven image reconstruction: Nonlocal

Bayesian inversion and Deep Learning splitting ap-
proach

14:30 - 15:00 Hao Wu Unbalanced Optimal Transport in Machine Learn-
ing

15:00 - 15:30 Zhiwen Zhang A new data-driven method for multiscale elliptic
PDEs with high-dimensional random coefficients

15:30 - 16:00 Coffee Break
16:00 - 16:30 Yuhua Zhu Towards the theoretical understanding of large

batch training in stochastic gradient descent
16:30 - 17:00 Xiaowu Dai Another Look at Statistical Calibration: A Non-

Asymptotic Theory and Prediction-Oriented Opti-
mality
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2.2 Day 2, 6 June, Thursday

Time Speaker Title
09:00 - 09:30 Haizhao Yang Approximation theory and regularization for deep

learning
09:30 - 10:00 Ling Guo Quantifying total uncertainty in physics-informed

neural networks for solving forward and inverse
stochastic problems

10:00 - 10:30 Sixin Zhang Wavelet Phase Harmonic Covariance Models of
Stationary Processes

10:30 - 11:00 Coffee Break
11:00 - 11:30 Ruiwen Shu A study of hyperbolicity of kinetic stochastic

Galerkin system for the isentropic Euler equations
with uncertainty

11:30 - 12:00 Liu Liu A bi-fidelity method for the multiscale Boltzmann
and related kinetic equations with random param-
eters

12:15 - 13:45 Lunch
14:00 - 14:30 Qi Duan AI In Healthcare: Progress and Problem
14:30 - 15:00 Shenghua Gao Anomaly Detection in Videos - from Feature Re-

construction to Future Prediction
15:00 - 15:30 Zhiqin Xu Frequency Principle in Deep Neural Networks
15:30 - 16:00 Coffee Break
16:00 - 16:30 Qifeng Liao A Domain Decomposition Approach for Uncer-

tainty Analysis
16:30 - 17:00 Hao Wu TBA
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3 Abstracts

3.1 Day 1, 5 June, Wednesday

Efficient Deep Learning Techniques for Multiphase Flow Simulation in Heteroge-
neous Porous Media

Guang Lin, Purdue University
09:00 - 09:30

We present efficient deep learning techniques for approximating flow and transport equations
for both single phase and two-phase flow problems. The proposed methods take advantages of
the sparsity structures in the underlying discrete systems and can be served as efficient alter-
natives to the system solvers at the full order. In particular, for the flow problem, we design
a network with convolutional and locally connected layers to perform model reductions and
employ a custom loss function to impose local mass conservation constraints to maintain the
physical property of velocity solution which we are interested in learning. For the saturation
problem, we propose a residual type of network to approximate the dynamics. Our main con-
tribution here is the design of custom sparsely connected layers which take into account the
inherent sparse interaction between the input and output. After training, the approximated
feed-forward map can be applied iteratively to predict solutions in the long range. The con-
struction of the networks, especially in two-phase flow where the maps are nonlinear, show
their great potential in accurately approximating the underlying physical system and improve-
ment in computational efficiency. Some numerical experiments are performed and discussed to
demonstrate the performance of our proposed techniques.

PDE-based Methods for Interpolation on High Dimensional Point Cloud

Zuoqiang Shi, Tsinghua University
09:30 - 10:00

Interpolation on high dimensional point cloud provides a fundamental model in many data
analysis and machine learning problems.In this talk, we will present some PDE based methods
to do interpolation on point cloud. Applications in image processing and machine learning are
shown to demonstrate the performance of our methods.

Adaptive Gaussian mixture model based on implicit sampling for Bayesian inverse
problems

Lijian Jiang, Tongji University
10:00 - 10:30

In the talk, I present an adaptive Gaussian mixture model (AGMM) based on implicit sampling
method for Bayesian inverse problems. AGMM and implicit sampling are integrated to obtain
an approximation Gaussian mixture model (GMM) of the posterior and importance ensemble
samples. Here the number of Gaussian models is unknown and selected by the smoothed
expectation-maximization (SmEM).
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The proposed method includes two steps: forecast step and analysis step. In the forecast step, a
clustering of GMM provides the forecast of mean, covariance and weight by SmEM. For SmEM,
the given ensemble samples are obtained by implicit sampling, which is used to generate the
samples in high probability region. To construct the implicit map in implicit sampling, the
means and covariances are necessary of the previous GMM. Then the importance samples are
generated by the implicit map and the corresponding sample weights are the ratio between the
importance density and posterior density. In the analysis step, the forecast of GMM will be
updated by a modified Levenberg-Marquart (LM) method.
The proposed method utilizes AGMM based on implicit sampling (AGMM-IS) to find an op-
timization solution of the likelihood function. This approach avoids the explicit computation
for gradient matrix
and Hessian matrix, which may be computationally expensive in high dimension spaces. The
AGMM-IS method is applied to the non-Gaussian models for exploring the posterior of un-
knowns in inverse problems.

Adaptive multi-fidelity surrogate modeling for Bayesian inference in inverse prob-
lems

Tao Zhou, Chinese Academy of Sciences
11:00 - 11:30

The polynomial chaos expansion is widely used as a surrogate model in the Bayesian inference
to speed up the Markov chain Monte Carlo calculations. However, the use of such a surrogate
introduces modeling errors that may severely distort the estimate of the posterior distribution.
In this talk, we present an adaptive procedure to construct a multi-fidelity polynomial surrogate.
More precisely, the new strategy starts with a low-fidelity surrogate model, and this surrogate
will be adaptively corrected using online high-fidelity data. The key idea is to construct and
refine the multi-fidelity surrogate over a sequence of samples adaptively determined from data
so that the approximation can eventually concentrate to the posterior distribution. We also
introduce a multi-fidelity surrogate based on the deep neural networks to deal with problems
with high dimensional parameters. The performance of the proposed strategy is illustrated
through two nonlinear inverse problems.

On validity of diffusion approximations for Stochastic Gradient Descent

Lei Li, Shanghai Jiao Tong University
11:30 - 12:00

In this talk, we revisit the diffusion approximation of Stochastic Gradient Descent,
which gives us some insight of the behaviors of SGD. Usually,
diffusion approximation provides weak approximation only in a finite time horizon.
Motivated by the backward error analysis of numerical SDE, we explore the long time weak
approximation of SGD in the framework of diffusion approximation for strongly convex objective
functions. Our analysis builds upon a truncated formal power expansion of the solution of a
Kolmogorov equation arising from diffusion approximation, where the main technical ingredient
is uniform-in-time bounds controlling the long-term
behavior of the expansion coefficient functions near the global minimum.
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We hope this work will motivate more research covering deeper aspects of stochastic optimiza-
tion algorithms.

Data driven image reconstruction: Nonlocal Bayesian inversion and Deep Learning
splitting approach

Xiaoqun Zhang, Shanghai Jiao Tong University
14:00 - 14:30

Image reconstruction from downsampled and corrupted measurements, such as fast MRI and
incomplete data for CT, is mathematically ill-posed inverse problem. In this talk, I will discuss
two data driven approaches taking different directions of solving image reconstruction problem:
Bayesian Inversion and Deep learning.
Bayesian inference methods have been popular for inverse problems due to the abilities of
characterizing the uncertainty of solutions. We proposed a hybrid prior distribution which
combines the nonlocal total variation regularization and the Gaussian measure, which results
in a well-behaved posterior distribution in infinite dimension. The proposed priori also provides
the flexibility to incorporate structure information from a reference image. We applied the prior
to solve limited tomography reconstruction problem with difficulties of severe data missing.
Both MAP and CM estimates are computed through two efficient methods and the uncertainty
level are quantified based on the posterior distribution. The numerical experiments validate
the advantages and feasibility of the proposed NLTG prior.
The second method is based on Deep learning and operator splitting. We propose to train
a network to refine intermediate images from classical reconstruction procedure to the ground
truth, i.e. the intermediate images that satisfy the data consistence will be fed into some chosen
denoising networks or generative networks for denoising and removing artifact in each iterative
stage. The proposed approach involves only techniques of conventional image reconstruction
and usual image representation/denoising deep network learning. Extensive experiments on
MRI reconstruction applied with both stack auto-encoder networks and generative adversarial
nets demonstrate the efficiency and accuracy of the proposed method compared with other
image reconstruction algorithms.

Unbalanced Optimal Transport in Machine Learning

Hao Wu, Tsinghua University
14:30 - 15:00

In this talk, I will first review the theory of Unbalanced Optimal Transport. Then, I will present
the applications of unOT in Machine Learning, e.g. Natural Language Processing, Generative
Adversarial Network and Autoencoder.

A new data-driven method for multiscale elliptic PDEs with high-dimensional ran-
dom coefficients

Zhiwen Zhang, The University of Hong Kong
15:00 - 15:30
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We propose a new data-driven method to solve multiscale elliptic PDEs with high-dimensional
random coefficients, where both the local problem and global problem are considered. Our
method consists of offline and online stages. In the offline stage, we construct a small number
of data-driven basis functions either on subdomains or on the whole computational domain,
which can be used to approximate the multiscale random solutions. In the online stage, with
the help of the data-driven basis, we can quickly compute the multiscale solutions for each new
coefficient. We provide some analysis for the proposed method, which provides some guidance
on how to determine the number of learning samples and the truncation threshold in building
the data-driven basis. Finally, we present numerical examples to demonstrate the accuracy and
efficiency of the proposed method.

Towards the theoretical understanding of large batch training in stochastic gradient
descent

Yuhua Zhu, Stanford University
16:00 - 16:30

Stochastic gradient descent (SGD) is almost ubiquitously used for training non- convex opti-
mization tasks. Recently, a hypothesis proposed by Keskar et al. that large batch methods
tend to converge to sharp minimizers has received increasing attention by researchers. We
theoretically justify this hypothesis by providing new properties of SGD in both finite-time and
asymptotic regime. In particular, we give an explicit escaping time of SGD from a local mini-
mum in the finite-time regime and prove that SGD tends to converge to flatter minima in the
asymptotic regime (although may take exponential time to converge) regardless of the batch
size. We also find that SGD with a larger learning rate to batch size ratio tends to converge to
a flat minimum faster, however, its generalization performance could be worse than the SGD
with a smaller learning rate to batch size ratio. We include experiments to corroborate these
theoretical findings.

Another Look at Statistical Calibration: A Non-Asymptotic Theory and Prediction-
Oriented Optimality

Xiaowu Dai, UC-Berkeley
16:30 - 17:00

We provide another look at the statistical calibration problem in computer models.
This viewpoint is inspired by two overarching practical considerations of computer
models: (i) many computer models are inadequate for perfectly modeling physical systems,
even with the best-tuned calibration parameters; (ii) only a finite number of
data points are available from a physical experiment to calibrate a related computer
model. Following this line of thinking, we provide a non-asymptotic theory and derive
a prediction-oriented calibration method. Our calibration method minimizes the
predictive mean squared error for a finite sample size with statistical guarantees. We
introduce an algorithm to perform the proposed calibration method and connect it
to existing Bayesian calibration methods. Synthetic and real examples are provided
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to corroborate the derived theory and illustrate some advantages of the proposed
calibration method.

3.2 Day 2, 6 June, Thursday

Approximation theory and regularization for deep learning

Haizhao Yang, National University of Singapore
09:00 - 09:30

This talk introduces new approximation theories for deep learning in parallel computing and
high dimensional problems. We will explain the power of function composition in deep neural
networks and characterize the approximation capacity of shallow and deep neural networks for
various functions on a high-dimensional compact domain. Combining parallel computing, our
analysis leads to an important point of view, which was not paid attention to in the literature
of approximation theory, for choosing network architectures, especially for large-scale deep
learning training in parallel computing: deep is good but too deep might be less attractive. Our
analysis also inspires a new regularization method that achieves state-of-the-art performance
in most kinds of network architectures.

Quantifying total uncertainty in physics-informed neural networks for solving for-
ward and inverse stochastic problems

Ling Guo, Shanghai Normal University
09:30 - 10:00

Physics-informed neural networks (PINNs) have recently emerged as an alternative
way of solving partial differential equations (PDEs) without the
need of building elaborate grids, instead, using a straightforward implementation.
In particular, in addition to the deep neural network (DNN) for
the solution, a second DNN is considered that represents the residual of the
PDE. The residual is then combined with the mismatch in the given data
of the solution in order to formulate the loss function. This framework is
effective but is lacking uncertainty quantifi cation of the solution due to the
inherent randomness in the data or due to the approximation limitations of
the DNN architecture. Here, we propose a new method with the objective of
endowing the DNN with uncertainty quantifi cation for both sources of uncertainty,
i.e., the parametric uncertainty and the approximation uncertainty.
We first account for the parametric uncertainty when the parameter in the
differential equation is represented as a stochastic process. Multiple DNNs
are designed to learn the modal functions of the arbitrary polynomial chaos
(aPC) expansion of its solution by using stochastic data from sparse sensors.
We can then make predictions from new sensor measurements very efficiently
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with the trained DNNs. Moreover, we employ dropout to correct the over-
fi tting and also to quantify the uncertainty of DNNs in approximating the
modal functions. We then design an active learning strategy based on the
dropout uncertainty to place new sensors in the domain in order to improve
the predictions of DNNs. Several numerical tests are conducted for both
the forward and the inverse problems to quantify the effectiveness of PINNs
combined with uncertainty quantifi cation. This NN-aPC new paradigm of
physics-informed deep learning with uncertainty quanti fication can be readily
applied to other types of stochastic PDEs in multi-dimensions.

Wavelet Phase Harmonic Covariance Models of Stationary Processes

Sixin Zhang, Peking University
10:00 - 10:30

One can characterize long-memory Gaussian stationary processes by sparse covariance of wavelet
coefficients. However, these covariance moments do not capture statistical dependencies of the
Fourier coefficients of a non-Gaussian process. Such dependencies manifest in the phase of
complex-valued wavelet coefficients. Wavelet phase harmonics multiply the phase of wavelet
coefficients with integers. By computing their covariance, we are able to capture key non-
Gaussianities of a stationary process including high-order structure functions in Turbulence
analysis. This is validated by sampling a maximum-entropy model conditioned on a sparse sub-
set of this covariance. Given a finite number of data samples of a non-Gaussian stationary pro-
cess such as texture and turbulent fluids, we demonstrate the accuracy of the maximum-entropy
models through a fundamental approximation and estimation trade-off using the method of mo-
ments.

A study of hyperbolicity of kinetic stochastic Galerkin system for the isentropic
Euler equations with uncertainty

Ruiwen Shu, University of Maryland, College Park
11:00 - 11:30

We study the fluid dynamic behavior of the stochastic Galerkin (SG) approximation to the
kinetic Fokker-Planck equation with random uncertainty. While the SG system at the ki-
netic level is hyperbolic, its fluid dynamic limit, as the Knudsen number goes to zero and
the underlying kinetic equation approaches to the uncertain isentropic Euler equations, is not
necessarily hyperbolic, as will be shown in the case study fashion for various orders of the SG
approximations.

A bi-fidelity method for the multiscale Boltzmann and related kinetic equations
with random parameters

Liu Liu, University of Texas at Austin
11:30 - 12:00
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In this talk, we study the multiscale Boltzmann equation with multi-dimensional random pa-
rameters by a bi-fidelity stochastic collocation (SC) method. By carefully choosing the com-
pressible Euler equation as the low-fidelity model, we
adapt the bi-fidelity SC method to combine computational efficiency of the low-fidelity model
with high accuracy of the high-fidelity (Boltzmann) model, at a significantly reduced simu-
lation cost. With only a small number of high-fidelity asymptotic-preserving solver runs for
the Boltzmann equation, the bi-fidelity approximation can capture the macroscopic quantities
dependent on the solution to the Boltzmann equation in the random space. A priori estimate
on the accuracy between the high-fidelity and bi-fidelity solutions together with a convergence
rate analysis is established. Similarly, we adapt the same SC method to study the linear trans-
port equation under the diffusive scaling and by choosing the Goldstein-Taylor equation as the
low-fidelity model. Extensive numerical experiments are presented to verify the efficiency and
accuracy of our proposed methods. This is a joint work with Xueyu Zhu.

AI In Healthcare: Progress and Problem

Qi Duan, SenseTime
14:00 - 14:30

Introduction of the progress of SenseTime artificial intelligence technology in medical AI，and
also introduct the problems being studied and solved.

Anomaly Detection in Videos - from Feature Reconstruction to Future Prediction

Shenghua Gao, ShanghaiTech University
14:30 - 15:00

Anomaly detection in videos is a challenging problem in computer vision because only normal
events are available in training set. Most previous work handles the problem within a sparse
representation framework: a dictionary is learnt to minimize the reconstruction error for normal
events and abnormal events would lead to large reconstruction error. However such sparse
representation is computationally expensive in the testing phase. Inspired the optimization of
sparse representation, we propose to build a special type of deep neural network, which is a
counterpart of sparse coding. Then we simplify the network which not only improves the speed
but also accuracy. Further, it is worth noting that anomaly detection refers to the identification
of events that do not conform to expected behavior, so we propose to solve anomaly detection
within future video frame prediction framework. By simultaneously enforcing the spatial and
temporal consistency of videos frames of normal videos, we can predict high quality video
frames for normal videos. Extensive experiments validates the effectiveness of such video frame
prediction framework over feature reconstruction framework for anomaly detection.

Frequency Principle in Deep Neural Networks

Zhiqin Xu, New York University Abu Dhabi
15:00 - 15:30

It remains a puzzle that why deep neural networks, with more parameters than that of samples,
can often generalize well. An attempt to understand this puzzle is to discover implicit bias in
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the training process. However, without an explicit mathematical description, it is unclear how
implicit bias functions in the training process.
In this work, we first show the universality of the F-Principle— DNNs initialized with small
parameters often fit target functions from low to high frequencies — by demonstrating this
phenomenon on high-dimensional benchmark datasets, such as MNIST/CIFAR10. We also
give a mathematical proof of the F-Principle. Then, we consider a neural network with an
extremely large width. In such a regime, the F-Principle is found to be equivalent to an
explicitly regularized optimization problem. With the equivalent explicit regularity, we then
estimate a prior generalization error bound and show that a non-zero initial output can damage
the generalization ability. We further propose an initialization trick to eliminate the negative
impact of initialization, even in a mildly over-parameterized regime. Our work shows the F-
Principle can lead a neural network trained without an explicit regularity to good generalization
performance.

A Domain Decomposition Approach for Uncertainty Analysis

Qifeng Liao, ShanghaiTech University
16:00 - 16:30

We propose a decomposition approach for uncertainty analysis of systems governed by partial
differential equations (PDEs).
The system is split into local components using domain decomposition.
Our domain-decomposed uncertainty quantification (DDUQ) approach performs uncertainty
analysis independently on each local component in an “offline” phase,
and then assembles global uncertainty analysis results using pre-computed local information in
an “online” phase.

TBA

Hao Wu, Tongji University
16:30 - 17:00

TBA
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