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WMEBE: "Simple" implicit regularizations in deep learning
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WEBE: L2 is not the right loss for PINN when solving nonlinear PDE

#ZE: The Physics-Informed Neural Network (PINN) approach is a new and promising way to solve partial
differential equations using deep learning. The L2 Physics-Informed Loss is the de-facto standard in training
Physics-Informed Neural Networks. In this paper, we challenge this common practice by investigating the
relationship between the loss function and the approximation quality of the learned solution. In particular, we
leverage the concept of stability in the literature of partial differential equation to study the asymptotic
behavior of the learned solution as the loss approaches zero. With this concept, we study an important class of
high-dimensional non-linear PDEs in optimal control, the Hamilton-Jacobi-Bellman(HJB) Equation, and
prove that for general Lp Physics-Informed Loss, a wide class of HIB equation is stable only if p is
sufficiently large. Therefore, the commonly used L2 loss is not suitable for training PINN on those equations,
while Loo loss is a better choice. Based on the theoretical insight, we develop a novel PINN training algorithm
to minimize the Loo loss for HIB equations which is in a similar spirit to adversarial training. The
effectiveness of the proposed algorithm is empirically demonstrated through experiments.
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Al-1 Deep Fast MR Imaging: Deep Learning meets Nuclear Spins
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[0 IR CE NS

PR ARl EEN GBI RN K7, R AT SR B, DR R R ) i R A ]
ARLR A v B S IR ) 22 8 AN RE AT IS 2 N TR 2R RS . AR AR T
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Al-4 Non-line-of-sight Imaging

@z, HHERY

Abstract: Non-line-of-sight imaging aims at recovering obscured objects from multiple scattered light. It has
recently received widespread attention due to its potential applications such as autonomous driving, rescue
operations, and remote sensing. However, in cases with high measurement noise, obtaining high-quality
reconstructions remains a challenging task. In this work, we establish a unified regularization framework,
which can be tailored for different scenarios, including indoor and outdoor scenes with substantial background
noise under both confocal and non-confocal settings. The proposed regularization framework incorporates
sparseness and non-local self-similarity of the hidden objects as well as smoothness of the measured signals.
We show that the estimated signals, albedo, and surface normal of the hidden objects can be reconstructed
robustly even with high measurement noise under the proposed framework. Reconstruction results on
synthetic and experimental data show that our approach recovers the hidden objects faithfully and outperforms
state-of-the-art reconstruction algorithms in terms of both quantitative criteria and visual quality.
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A2-1 Deep Learning Dynamics: On Minima Selection and Saddle-Point Escaping

BB, R K

Abstract: Stochastic Gradient Descent (SGD) and its variants are mainstream methods for training deep
networks in practice. SGD is known to find a flat minimum that generalizes well. However, the theoretical
mechanism behind stochastic optimization for deep networks is underexplored. Our work focuses on
theoretically analyzing deep learning dynamics and designing novel optimization dynamics by using a
proposed diffusion theoretical framework. We revealed how minima selection quantitatively depends on the
minima sharpness and the hyperparameters. To the best of our knowledge, we are the first to prove that SGD
favors flat minima exponentially more than sharp minima, while Gradient Descent with injected Gaussian
noise favors flat minima only polynomially more than sharp minima. We further prove that Adam can escape
saddle points efficiently, but cannot select flat minima as SGD does. This mathematically explains why SGD
generalizes better, while Adam generalizes worse but converges faster. Inspired by the theoretical analysis, we
propose a novel adaptive optimization framework, called Adaptive Inertia (Adai), which uses parameter-wise
momentum hyperparameters. The proposed Adai provably escapes saddle points efficiently and favors flat
minima as well as SGD.

A2-2 Neural Network Weights Do Not Converge to Stationary Points: An Invariant Measure
Perspective

TR, TSR

Abstract: This work examines the deep disconnect between existing theoretical analyses of gradient-based
algorithms and the practice of training deep neural networks. Specifically, we provide numerical evidence that
in large-scale neural network training (e.g., ImageNet + ResNet101, and WT103 + TransformerXL models),
the neural network's weights do not converge to stationary points where the gradient of the loss is zero.
Remarkably, however, we observe that even though the weights do not converge to stationary points, the
progress in minimizing the loss function halts and training loss stabilizes. Inspired by this observation, we
propose a new perspective based on ergodic theory of dynamical systems to explain it. Rather than studying
the evolution of weights, we study the evolution of the distribution of weights. We prove convergence of the
distribution of weights to an approximate invariant measure, thereby explaining how the training loss can
stabilize without weights necessarily converging to stationary points. We further discuss how this perspective
can better align optimization theory with empirical observations in machine learning practice.

A2-3 Error analysis of GAN
B, ROK
Abstract: | will talk about error of GAN.

A2-4 PINN f5:305 H Ba U IE R4k

P57 O s SV N

WE. CERENLE I HRE, DL DeepRitz 5 PINN 4R K2 I 2% S0 SR A i 20 5 PR AT
SR (AEARNEEE 3 e BR )l B ) HRBIUE. ek b, S0 RS suE ik m s, #Mig b,
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A3-1 Learning Robust Imaging Models without Paired Data

BAEM, HHERY

Abstract: The observations in practical imaging systems always contain complex noise such that classical
approaches are difficult to obtain satisfactory results. In recent years, deep neural networks directly learned a
map between the noisy and clean images based on the training on paired data. Despite its promising results in
various tasks, collecting the training data is difficult and time-consuming in practice. In this talk, in the
unpaired data regime, we will discuss our recent progress for building Al-aided robust models and their
applications in image processing. Leveraging the Bayesian inference framework, our model combines
classical mathematical modeling and deep neural networks to improve interpretability. Experimental results
on various real datasets validate the advantages of the proposed methods.

A3-2 A stochastic three-block splitting algorithm and its application to quantized deep neural networks
TRANBE, LIESCIER

Abstract: Deep neural networks (DNNs) have made great progress in various fields. In particular, the
guantized neural network is a promising technique making DNNs compatible on resource-limited devices
for memory and computation saving. In this work, we consider a nonconvex minimization model with three
blocks to train quantized DNNs and propose a new stochastic three-block alternating minimization (STAM)
algorithm to solve it. We develop a convergence theory for the STAM algorithm and obtain an &\epsilon&-
stationary point with optimal convergence rate E\mathcal{O} (\epsilon™{-4} ). The experiments on training
guantized DNNs are carried out on different network structures on CIFAR-10 and CIFAR-100 datasets. The
test accuracy indicates the effectiveness of STAM algorithm for training binary quantization DNNS. :

A3-3 Classification with Deep Neural Networks

R, HEHRY¥

Abstract: Classification with deep neural networks (DNNs) has made impressive advancements in various
learning tasks. Due to the unboundedness of the target function, generalization analysis for DNN classifiers
with logistic loss remains scarce. This talk will report our recent progress in establishing a unified framework
of generalization analysis for both bounded and unbounded target functions. Our analysis is based on a novel
oracle-type inequality, which enables us to deal with the boundedness restriction of the target function. In
particular, for logistic classifiers trained by deep fully connected neural networks, we obtain the polynomial
convergence rates only by requiring the H\"{o} Ider smoothness of the conditional probability. Under certain
circumstances, such as when decision boundaries are smooth and the two classes are separable, the derived
convergence rates can be independent of the input dimension. This talk is based on joint work with Zihan
Zhang and Prof. Ding-Xuan Zhou.

A3-4 Deep-learning ab initio calculation method: DeepH
BB, EERY

Abstract: Deep-learning ab initio calculation method: DeepH
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A4-1 Importance Sparsification for Sinkhorn Algorithm

=, PEARKY

Abstract: Sinkhorn algorithm has been used pervasively to approximate the solution to optimal transport (OT)
and unbalanced optimal transport (UOT) problems. However, its application in practice is limited due to its
high computational complexity. To alleviate the computational burden, we propose a novel importance
sparsification method, called Spar-Sink, to approximate regularized OT and UOT distances efficiently.
Specifically, we leverage natural upper bounds for unknown optimal transport plans to construct effective
sampling probabilities, and construct a sparse kernel matrix to accelerate Sinkhorn iterations, reducing the
cost from O(n™2) to O(n) for a sample of size n. Theoretically, we show the proposed estimators for the
regularized OT and UOT distances are consistent under mild regularity conditions. Experiments on various
synthetic datasets demonstrate Spar-Sink leads to smaller estimation errors compared with mainstream
competitors.

Ad-2 Learning geodesics under spherical WFR metric and its application to generation of weighted
samples

&, LissERE

Abstract: We present a framework for learning geodesics under spherical WFR metric. A loss based on the
KL divergence using the inverse mapping is adopted to overcome the difficulty brought by weight change.
The framework can be used for generating weighted samples which could be useful in Bayes setting.

A4-3 PROXIMAL POINT METHODS FOR COMPUTING (UN-)BALANCED WASSERSTEIN
DISTANCE

WAL, HHERY

Abstract: In this talk, we discuss a general model which unifies both balanced and unbalanced optimal
transport problems. Then we propose two sorts of fast and accurate proximal point algorithms to solve this
generalized optimal transport problem: one is the Primal proximal point algorithm (Primal PPA), another is
the Dual proximal point algorithm (Dual PPA). We shall prove the asymptotically superlinear convergence
rate of these algorithms under certain assumptions which are satisfied in the cases of balanced OT and
unbalanced OT with KL divergence by utilizing the concept of metric subregularity. We also propose a
semismooth Newton method to solve the subproblem, which fully exploits the sparse structure of our problem
and obtains a quadratic convergence rate with relatively low computational cost. We compare our algorithms
with gurobi and Sinkhorn algorithm to demonstrate the fast convergence speed with the high accuracy of our
algorithms.

A4-4 JARFISTETE X5 B IR A H LA

EFE, FERHOOE
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A5-1 Theory and algorithms on archetype analysis

ER, EETICRE GRID

Abstract: Archetypal analysis is an unsupervised learning method that uses a convex polytope to summarize
multivariate data. For fixed k, the method finds a convex polytope with k vertices, called archetype points,
such that the polytope is contained in the convex hull of the data and the mean squared distance between the
data and the polytope is minimal. In this talk, we will discuss the consistency of archetypal analysis and
describe probabilistic methods for approximate archetypal analysis.

A5-2 Uncertainty Quantification in Scientific Machine Learning: Methods and Comparisons

e, BilgImiE R

Abstract: Neural networks (NNs) are currently changing the computational paradigm on how to combine data
with mathematical laws in physics and engineering in a profound way, tackling challenging inverse and ill-
posed problems not solvable with traditional methods. However, quantifying errors and uncertainties in NN-
based inference is more complicated than in traditional methods. Although there are some recent works on
uncertainty quantification (UQ) in NNSs, there is no systematic investigation of suitable methods towards
quantifying the total uncertainty effectively and efficiently even for function approximation, and there is even
less work on solving partial differential equations and learning operator mappings between infinite-
dimensional function spaces using NNs. In this talk, we will present a comprehensive framework that includes
uncertainty modeling, new and existing solution methods, as well as evaluation metrics and post-hoc
improvement approaches. To demonstrate the applicability and reliability of our framework, we will also
present an extensive comparative study in which various methods are tested on prototype problems, including
problems with mixed input-output data, and stochastic problems in high dimensions.

A5-3 Radial Basis Functions for Approximating Differential Operators on Closed Manifolds

¥R, iR

Abstract: In this talk, we will introduce a class of kernel methods, Radial Basis Functions (RBF), to
approximate Laplace-Beltrami, covariant derivative, and Bochner, Hodge, Lichnerowicz Laplacians of vector
fields defined on smooth manifolds without boundaries. Each operator is estimated using an ambient space
formulation followed by a projection onto the local tangent space of the manifold using a tangential projection
tensor matrix P. When the manifold is unknown and identified only by a point cloud data, we present a novel
second-order SVD method for approximating the projection matrix P. All Laplacian operators have two
natural discrete estimators: symmetric and non-symmetric formulations, and each formulation has its own
practical and theoretical advantages. We establish the spectral convergence for both formulations of Laplacian
operators. Numerically, we validate the theory via various examples of simple manifolds embedded in
Euclidean spaces as well as of unknown manifolds. Moreover, we will briefly discuss some possible
applications of the RBF methods, including solving PDEs, model order reduction, parameter estimation.

A5-4 17515 SRR I 45818

THE, PEZBRHES RGP
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B1-1 3D Model reconstruction from 1D Small angle X-ray Scattering data

XUMES™, T AT R e O

Abstract: X-ray Solution scattering methods are widely used in the study of structure and dynamics of
macromolecules. Translating the 1D SAXS curve to 3D density map is an ill-defined problem, yet it is
possible to obtain 3D models given proper restraints as additional information. An auto-encoder neural
network model for 3D protein density maps was trained to compress 3D shape information into vectors in a
low-dimension latent space, and the vectors are optimized using genetic algorithms to build 3D models that
are consistent with the scattering data. The algorithm was implemented using Python with the TensorFlow
framework and tested with experimental data, demonstrating capacity and robustness of accurate model
reconstruction even without using prior model size information.

B1-2 Deep Learning in Non-Euclidean Space

NG, PO RS

Abstract: The traditional deep networks are commonly defined in Euclidean space, either in the 3D / 2D
image space or sequential data space. However, in realistic scenario, the data maybe irregular or distributed on
manifold / graph. In such cases, the traditional deep network does not fully take advantages of the underlying
data structure in non-Euclidean space. Along this research direction, in this talk, I will introduce the research
backgrounds, advances in research on geometric deep learning approach in the non-Euclidean space, with
applications to 3D object recognition, image segmentation and domain adaptation.

B1-3 ETHLaS ] M8 BB T S R

KA, U)K
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B2-1 Imaging Conductivity from Current Density Magnitude using Neural Networks

B85, UK

Abstract: In this talk we propose a deep neural network based reconstruction technique for imaging the
conductivity from the magnitude of the internal current density. It is achieved by formulating the problem as a
relaxed weighted least-gradient problem, and then approximating its minimizer by standard fully connected
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deep neural networks. The approximation error and statistical error, explicitly in terms of properties of the
neural networks (e.g., depth, total number of parameters, and the bound of the network parameters) are given.
Several numerical experiments are proposed to show robustness of the method.

B2-2 Low-rank Methods for Bayesian Inverse Problems

BHE, biERbEOR

Abstract: In this talk, I will introduce our recent work on low-rank methods for Bayesian inverse problems.
For linear problems with Gaussian noise and Gaussian prior, the posterior is also Gaussian and characterized
by the posterior mean and covariance. We propose a low-rank Arnoldi method to approximate the large dense
posterior covariance matrix by making use of tensor computations. For nonlinear systems, the posterior is not
Gaussian anymore, however, can often be approximated by a Gaussian distribution using the ensemble
Kalman filter (EnKF) or the extended Kalman filter (ExKF). We propose a randomized low-rank method to
reduce the computational complexity of the EnKF. We use numerical experiments to show the efficiency of
our low-rank methods.

B2-3 Deep learning approach for Bayesian inverse Problems

EP TP NN

Abstract: Obtaining samples from the posterior distribution of Bayesian inverse problems(BIPs) is a long-
standing challenging, especially when the forward operator is modeled by partial differential equation (PDE).
In this talk, we will show you how to leverage the deep learning’s capabilities to tackle this challenge. Several
fast and efficient deep neural network (DNN)-based approaches for accelerating simulations in sample
generation will be described. A novel framework based on invertible neural networks using normalizing flow
is also demonstrated.

B2-4 Weak Adversarial Networks: A Deep Learning Framework for Solving High Dimensional Inverse
Problems

TN, HENBUMIBTE T

Abstract: We present a weak adversarial network approach to numerically solve a class of inverse problems,
including electrical impedance tomography. The weak formulation of the PDE for the given inverse problem
is leveraged, where the solution and the test function are parameterized as deep neural networks. Then, the
weak formulation and the boundary conditions induce a minimax problem of a saddle function of the network
parameters. As the parameters are alternatively updated, the network gradually approximates the solution of
the inverse problem. Theoretical justifications are provided on the convergence of the proposed algorithm.
The proposed method is completely mesh-free without any spatial discretization, and is particularly suitable
for problems with high dimensionality and low regularity on solutions. Numerical experiments on a variety of
test inverse problems demonstrate the promising accuracy and efficiency of this approach. This presentation is
based on the joint work with Gang Bao (Zhejiang U.), Xiaojing Ye (Georgia State U.) and Haomin Zhou
(Georgia Tech.)

T=. &S B3 TM: HBEFIFHRRMHHE (—)

B3-1 Algorithmic Design for Wasserstein DRO Based Trustworthy Machine Learning
R, HaiRy
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Abstract: Wasserstein Distributionally Robust Stochastic Optimization (DRSO) is concerned with finding
decisions that perform well on data that are drawn from the worst-case probability distribution within a
Wasserstein ball centered at a certain nominal distribution. In recent years, it has been shown that various
DRSO formulations of learning models admit tractable convex reformulations. However, most existing works
propose to solve these convex reformulations by general-purpose solvers, which are not well-suited for
tackling large-scale problems. In this talk, we focus on Wasserstein distributionally robust support vector
machine (DRSVM) problems (with fairness) and logistic regression (DRLR) problems (with fairness), and
propose two novel first order algorithms to solve them. The updates in each iteration of these algorithms can
be computed in a highly efficient manner. Our numerical results indicate that the proposed methods are
orders of magnitude faster than the state-of-the-art, and the performance gap grows considerably as the
problem size increases.

B3-2 Decentralized Optimization Over the Stiefel Manifold by an Approximate Augmented Lagrangian
Function

XIEK, EBEA RS S RGRAE TR

Abstract: We study the decentralized optimization problem over the Stiefel manifold, which is defined on a
connected network of d agents. The objective is an average of d local functions, and each function is privately
held by an agent and encodes its data. The agents can only communicate with their neighbors in a
collaborative effort to solve this problem. In existing methods, multiple rounds of communications are
required to guarantee the convergence, giving rise to high communication costs. In contrast, this paper
proposes a decentralized algorithm, called DESTINY, which only invokes a single round of communications
per iteration. DESTINY combines gradient tracking techniques with a novel approximate augmented
Lagrangian function. The global convergence to stationary points is rigorously established. Comprehensive
numerical experiments demonstrate that DESTINY has a strong potential to deliver a cutting-edge
performance in solving a variety of testing problems.

B3-3 Convergence properties of the stochastic Levenberg-Marquardt method

EEM, L@

Abstract: In this talk, we propose a stochastic Levenberg-Marquardt algorithm based on trust region. We
show that the trust region subproblem defined is probabilistically first-order accurate when the batch size is
appropriate. The algorithm is proved to converge globally and the complexity of the algorithm is also given.

B3-4 Perturbation analysis of nonsmooth optimization on manifolds

T#E, PEREARES RGRET U

Abstract: In this talk, we will present some recent results on perturbation analysis of nonsmooth optimization
on manifolds with their applications on the convergent analysis of manifold augmented Lagrangian method
for nonsmooth optimization on matrix manifolds.

T, =i B4 & HBEEIEHEHE (2

B4-1 Random feature method for solving PDES
Brai, T EBEEHOR R
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Abstract: We will introduce the random feature method for solving partial differential equations, which
combines the advantages of traditional and machine learning-based methods. Its performance will be
demonstrated through a series of problems with or without explicit solutions and with or without complex
geometries.

B4-2 Near-Optimal Bounds for Generalized Orthogonal Procrustes

Problem via Generalized Power Method

BETy, Ligas)Ry

Abstract: Given multiple point clouds, how to find the rigid transform (rotation, reflection, and shifting) such
that these point clouds are well aligned? This problem, known as the generalized orthogonal Procrustes
problem (GOPP), has found numerous applications in statistics, computer vision, and imaging science. While
one commonly-used method is finding the least squares estimator, it is generally an NP-hard problem to
obtain the least squares estimator exactly due to the notorious nonconvexity. In this work, we apply the
semidefinite programming (SDP) relaxation and the generalized power method to solve this generalized
orthogonal Procrustes problem. In particular, we assume the data are generated from a signal-plus-noise
model: each observed point cloud is a noisy copy of the same unknown point cloud transformed by an
unknown orthogonal matrix and also corrupted by additive Gaussian noise. We show that the generalized
power method (equivalently alternating minimization algorithm) with spectral initialization converges to the
unique global optimum to the SDP relaxation, provided that the signal-to-noise ratio is high. Moreover, this
limiting point is exactly the least squares estimator and also the maximum likelihood estimator. In addition,
we derive a block-wise estimation error for each orthogonal matrix and the underlying point cloud. Our
theoretical bound is near-optimal in terms of the information-theoretic limit (only loose by a factor of the
dimension and a log factor). Our results significantly improve the state-of-the-art results on the tightness of
the SDP relaxation for the generalized orthogonal Procrustes problem, an open problem posed by Bandeira,
Khoo, and Singer in 2014.

B4-3 A Local Deep Learning Method for Solving High Order Partial Differential Equations
Bk, T RHOR

Abstract: Recent years, deep learning based methods are being employed to resolve the computational
challenges of high-dimensional partial differential equations (PDEs). But the computation of the high order
derivatives of neural networks is costly, and high order derivatives lack robustness for training purposes. We
propose a novel approach to solve PDEs with high order derivatives by simultaneously approximating the
function value and derivatives. We first introduce intermediate variables to rewrite the PDESs into a system of
low order differential equations as what is done in the local discontinuous Galerkin method. The intermediate
variables and the solutions to the PDEs are simultaneously approximated by a multi-output deep neural
network. The whole process only relies on low order derivatives. We also derive a priori error estimate of the
local deep Deep Learning method when solving some elliptic PDEs. We prove that the neural network
solutions will converge if we increase the training samples and network size without any constraint on the
ratio of training samples to the network size. Besides, our results suggest that the mixed residual method can
recover high order derivatives better than the deep Ritz method. Numerous numerical examples are carried out
to demonstrate that our local deep learning is efficient, robust, flexible, and is particularly well-suited for
high-dimensional PDEs with high order derivatives.
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B4-4 Distance geometry, quadratic form and parameter-turning for graph matching
KREE, LUK FRRIER X

Abstract: We will discuss some recent progress in graph matching problem.

THh. o=iRE BS Till: HEBEFEIEKREMS

B5-1 Revisit Tensor Networks Machine Learning Modeling

TR, AU S B it b

Abstract: The rich connection between machine learning and tensor networks was revealed in recent years,
while it was always intriguing that these two independently developed fields could be successfully combined.
This talk will provide a partial review and general description of the development of interdisciplinary research
between those two fields. The content will primarily focus on tracking down where their connections come
from and what we can do with those connections.

B5-2 FEURLALEE M7 22 R 245 Hh f .
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B5-3 Functional tensor network solving many-body Schrddinger equation and multi-variable
differential equations

A2, HHOMTE R

Abstract: We propose the functional tensor network (FTN) approach to solve the many-body Schrodinger
equation and generally the partial differential equations of many variables. Provided the orthonormal
functional bases, we represent the coefficients of the many-body wave-function as tensor network. The
observables, such as energy, can be calculated simply by tensor contractions. Simulating the ground state
becomes solving a minimization problem defined by the tensor network. An efficient gradient-decent
algorithm based on the automatically differentiable tensors is proposed. We here take matrix product state
(MPS) as an example, whose complexity scales only linearly with the system size. We apply our approach to
solve the ground state of coupled harmonic oscillators, and achieve high accuracy by comparing with the
exact solutions. Reliable results are also given with the presence of three-body interactions, where the system
cannot be decoupled to isolated oscillators. Our approach is simple and with well-controlled error, essentially
different from the highly-nonlinear neural-network solvers. Our work extends the applications of tensor
network from quantum lattice models to the systems in the continuous space. FTN can be used as a general
solver of the differential equations with many variables.

B5-4 Thermal Tensor Networks: Recent Progress and Application to Quantum Magnetism

Zf, hRIBEER YT T T

Abstract: In this talk, I will briefly review the recent progress in thermal tensor networks for finite-
temperature quantum many-body simulations, and its applications in quantum magnetic material studies.
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B6-1 A brain-inspired method for motion pattern recognition

SHILIL, HEIKKYF

Abstract: Spatio-temporal information processing is fundamental in both brain functions and Al applications.
Current strategies for spatio-temporal pattern recognition usually involve explicit feature extraction followed
by feature aggregation, which requires a large amount of labeled data. In the present study, motivated by the
subcortical visual pathway and early stages of the auditory pathway for motion and sound processing, we
propose a novel brain-inspired computational model for generic spatio-temporal pattern recognition. The
model consists of two modules, a reservoir module and a decision-making module. The former projects
complex spatio-temporal patterns into spatially separated neural representations via its recurrent dynamics, the
latter reads out neural representations via integrating information over time, and the two modules are linked
together using known examples. Using synthetic data, we demonstrate that the model can extract the
frequency and order information of temporal inputs. We apply the model to reproduce the looming pattern
discrimination behavior as observed in experiments successfully. Furthermore, we apply the model to the gait
recognition and key words spotting tasks, and demonstrate that our model accomplishes the recognition in an
event-based manner and outperforms deep learning counterparts when training data is limited.

B6-2 KMt —ME F BIHE
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B6-3 Smoothness in nature and smoothness in DNN

HE¥, EREBSEINe BRI T

Abstract: Smoothness is widely observed among natural signals such as electrode recordings and natural
images. On the other hand, deep learning networks are also observed to favor lower frequency components in
the signals during the training process. In this talk, we will discuss both the phenomenon from the viewpoint
of orthogonal polynomial and singular value decomposition (a.k.a. principal component analysis). We find
that the lower frequency affinity can be explained by the eigenvalues in the linearized gradient decent
dynamics, and the magnitude of the eigenvalues depends on the smoothness of the activation function tightly.
The same eigenvalue analysis could be extended to answer other related questions, we demonstrate it by
describing the Loss function landscape around the optimal point.

B6-4 The representational geometry of sequence working memory in macaque prefrontal cortex

BIXR, LR 5 SR T O

Abstract: How the brain stores a sequence in memory remains largely unknown. We investigated the neural
code underlying sequence working memory using two-photon calcium imaging to record thousands of
neurons in the prefrontal cortex of macaque monkeys memorizing and then reproducing a sequence of
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locations after a delay. We discovered a regular geometrical organization: The high-dimensional neural state
space during the delay could be decomposed into a sum of low-dimensional subspaces, each storing the
spatial location at a given ordinal rank, which could be generalized to novel sequences and explain monkey
behavior. The rank subspaces were distributed across large overlapping neural groups, and the integration of
ordinal and spatial information occurred at the collective level rather than within single neurons. Thus, a
simple representational geometry underlies sequence working memory.

b el OB, HLEBES M TR 5P
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C1-2 \texttt{Para-CFlows } : ECk&-universal Diffeomorphism Approximators as Superior Neural
Surrogates

BRI, R ITT IR =

Abstract: Invertible neural networks based on Coupling Flows (\texttt{CFlows } ) have various applications
such as image synthesis and data compression. The approximation universality for \texttt{CFlows} is of
paramount importance to ensure the model expressiveness. In this talk, we prove that \texttt{CFlows} can
approximate any diffeomorphism in EC°kE-norm if its layers can approximate certain single-coordinate
transforms. Specifically, we derive that a composition of affine coupling layers and invertible linear
transforms achieves this universality. Furthermore, in parametric cases where the diffeomorphism depends on
some extra parameters, we prove the corresponding approximation theorems for parametric coupling flows
named \texttt{Para-CFlows} . In practice, we apply \texttt{Para-CFlows} as a neural surrogate model in
contextual Bayesian optimization tasks, to demonstrate its superiority over other neural surrogate models in
terms of optimization performance and gradient approximations.

C1-3 AutoML 7EHEFE R SiRHIESE BLRAR A I R
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C1-4 Perception system in Autonomous Driving and its application in AutoML

B, RIS

Abstract: In recent years, autonomous driving has become a very popular topic in the car industry and
Internet companies. Since 2003, the rapid development of deep learning technology has brought revolutionary
changes to the autonomous driving system. This talk will introduce some components and specific tasks of the
autonomous driving perception system, such as obstacle detection, driving road segmentation, lane line
detection, point cloud detection, etc., to make the audience have an understanding of this direction.
Furthermore, we will briefly introduce some of our recent research of AutoML for object detection in this
field to enable an efficient and accurate perception system.

C1-5 Perception system in Autonomous Driving and its application in AutoML

TR, ATy A S =

Abstract: It was estimated that the world produced 5.9e13 GB of data in 2020, resulting in the enormous
costs of both data storage and transmission. Fortunately, recent advances in deep generative models have
spearheaded a new class of so-called "neural compression” algorithms, which significantly outperform
traditional codecs in terms of compression ratio. Unfortunately, the application of neural compression garners
little commercial interest due to its limited bandwidth; therefore, developing highly efficient frameworks is of
critical practical importance. In this talk, we focus on efficient lossless compression algorithms with various
types of generative models, in which the novel methods with state-of-the-art compression ratio and real-time
compression bandwidth are achieved. We also discuss the generative ability of generative model for Al codec.
The potential of generative ability of image compression is theoretically analysised, and dynamic generative
model is proposed which greatly improves the Al codec algorithms.

TN oeird Q2 T8 NSEISZREER

C2-1 DeepMMnet for hypersonics: Predicting the coupled flow and finite-rate chemistry behind a
normal shock using neural-network approximation of operators

EHEF, HITR¥

Abstract: In high-speed flow past a normal shock, the fluid temperature rises rapidly triggering downstream
chemical dissociation reactions. The chemical changes lead to appreciable changes in fluid properties, and
these coupled multiphysics and the resulting multiscale dynamics are challenging to resolve numerically.
Using conventional computational fluid dynamics (CFD) requires excessive computing cost. Here, we
propose a totally new efficient approach, assuming that some sparse measurements of the state variables are
available that can be seamlessly integrated in the simulation algorithm. We employ a special neural network
for approximating nonlinear operators, the DeepONet, which is used to predict separately each individual field,
given inputs from the rest of the fields of the coupled multiphysics system. Specifically we predict five
species in the non-equilibrium chemistry downstream of a normal shock at high Mach numbers as well as the
velocity and temperature fields. We show that upon training, DeepONets can be over five orders of magnitude
faster than the CFD solver employed to generate the training data and yield good accuracy for unseen Mach
numbers within the range of training. Outside this range, DeepONet can still predict accurately and fast if a
few sparse measurements are available. We then propose a composite supervised neural network,
DeepMMnet, that uses multiple pre-trained DeepONets as building blocks and scattered measurements to
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infer the set of all seven fields in the entire domain of interest. Two DeepMMnet architectures are tested, and
we demonstrate the accuracy and capacity for efficient data assimilation.

C2-2 Layer-Parallel Training of Residual Networks with Auxiliary-Variable Networks

IR, AT RS

Abstract: Gradient-based methods for the distributed training of residual networks typically require a forward
pass of the input data, followed by back-propagating the error gradient to update model parameters, which
becomes time-consuming as the network goes deeper. To break the algorithmic locking and exploit
synchronous module parallelism in both the forward and backward modes, auxiliary-variable methods have
attracted much interest lately but suffer from significant communication overhead and lack of data
augmentation. In this work, a novel joint learning framework for training realistic ResNets across multiple
compute devices is established by trading off the storage and recomputation of external auxiliary variables.
More specifically, the input data of each independent processor is generated from its low-capacity auxiliary
network, which permits the use of data augmentation and realizes forward unlocking. The backward passes
are then executed in parallel, each with a local loss function that originates from the penalty or augmented
Lagrangian methods. Finally, the proposed AuxNet is employed to reproduce the updated auxiliary variables
through an end-to-end training process. We demonstrate the effectiveness of our methods on ResNets and
WideResNets across CIFAR-10, CIFAR-100, and ImageNet datasets, achieving speedup over the traditional
layer-serial training method while maintaining comparable testing accuracy.

C2-3 Asymptotic preserving scheme for anisotropic elliptic equations with deep neural network

B, e RIE LR

Abstract: In this work, a new asymptotic preserving (AP) scheme is proposed for the anisotropic elliptic
equations. Different from previous AP schemes, the actual one is based on first-order system least-squares for
second-order partial differential equations, and it is uniformly well-posed with respect to anisotropic strength.
The numerical computation is realized by a deep neural network (DNN), where least-squares functionals are
employed as loss functions to determine parameters of DNN. Numerical results show that the current AP
scheme is easy for implementation and is robust to approximate solutions or to identify the anisotropic
parameter in various 2D and 3D tests.

C2-4 Learning Thermodynamically Stable and Galilean Invariant Partial Differential Equations for
Non-Equilibrium Flows

JA—F, bR RE

Abstract: In this work, we develop a method for learning interpretable, thermodynamically stable
and Galilean invariant partial differential equations (PDEs) based on the conservation-dissipation
formalism of irreversible thermodynamics. As governing equations for non-equilibrium flows in one
dimension, the learned PDEs are parameterized by fully connected neural networks and satisfy the
conservation-dissipation principle automatically. In particular, they are hyperbolic balance laws and Galilean
invariant. The training data are generated from a kinetic model with smooth initial data. Numerical results
indicate that the learned PDEs can achieve good accuracy in a wide range of Knudsen numbers. Remarkably,
the learned dynamics can give satisfactory results with randomly sampled discontinuous initial data and Sod’s
shock tube problem although it is trained only with smooth initial data.
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C3-2 THOR, Trace-based Hardware-driven layer-ORiented Natural Gradient Descent Computation
ol ¢ RN

Abstract: It is well-known that second-order optimizer can accelerate the training of deep neural networks,
however, the huge computation cost of second-order optimization makes it impractical to apply in real
practice. In order to reduce the cost, many methods have been proposed to approximate a second-order matrix.
Inspired by KFAC, we propose a novel Trace-based Hardware-driven layer-ORiented Natural Gradient
Descent Computation method, called THOR, to make the second-order optimization applicable in the real
application models. Specifically, we gradually increase the update interval and use the matrix trace to
determine which blocks of Fisher Information Matrix (FIM) need to be updated. Moreover, by resorting the
power of hardware, we have designed a Hardware-driven approximation method for computing FIM to
achieve better performance. To demonstrate the effectiveness of THOR, we have conducted extensive
experiments. The results show that training ResNet-50 on ImageNet with THOR only takes 66.7 minutes to
achieve a top-1 accuracy of 75.9 % under an 8 Ascend 910 environment with MindSpore, a new deep learning
computing framework. Moreover, with more computational resources, THOR can only takes 2.7 minutes to
75.9 % with 256 Ascend 910.

C3-3 Non-convex Factorization and Manifold Formulations in Low-rank Matrix Optimization

BB, HH K

Abstract: In this talk, we consider the geometric landscape connection of the widely studied manifold and
factorization formulations in low-rank positive semidefinite (PSD) and general matrix optimization. We
establish an equivalence on the set of first-order stationary points (FOSPs) and second-order stationary points
(SOSPs) between the manifold and the factorization formulations. We further give a sandwich inequality on
the spectrum of Riemannian and Euclidean Hessians at FOSPs, which can be used to transfer more geometric
properties from one formulation to another. We also discuss applications of our findings to some machine
learning problems.

C3-4 On the convergence analysis of variational Monte Carlo methods

XHEX, bR

Abstract: The variational Monte Carlo (VMC) method is very promising for solving many-body quantum
problems at a manageable cost. In this talk, we provide a rigorous analysis of the VMC method, by showing
the convergence of the stochastic gradient method with respect to the number of iterations and the cost of
sampling.

— aeiE C4BE: NSEIETHEEE (=)

C4-1 DeePN2: A deep learning-based non-Newtonian hydrodynamic model
754L4&, Michigan State University
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Abstract: A long-standing problem in the modeling of non-Newtonian hydrodynamics of polymeric flows is
the availability of reliable and interpretable hydrodynamic models that faithfully encode the underlying micro-
scale polymer dynamics. The main complication arises from the long polymer relaxation time, the complex
molecular structure, and heterogeneous interaction. DeePN2, a deep learning-based non-Newtonian
hydrodynamic model, has been proposed and has shown some success in systematically passing the micro-
scale structural mechanics information to the macro-scale hydrodynamics for suspensions with simple
polymer conformation and bond potential. The model retains a multi-scaled nature by mapping the polymer
configurations into a set of symmetry-preserving macro-scale features. The extended constitutive laws for
these macro-scale features can be directly learned from the Kinetics of their micro-scale counterparts. In this
paper, we develop DeePN2 using more complex microstructural models. We show that DeePN2 can faithfully
capture the broadly overlooked viscoelastic differences arising from the specific molecular structural
mechanics without human intervention.

C4-2 A non-gradient method for solving elliptic partial differential equations with deep neural
networks

HFE, RilEssE R

Abstract: Deep learning has achieved wide success in solving Partial Differential Equations (PDEs), with
particular strength in handling high dimensional problems and parametric problems. Nevertheless, there is still
a lack of a clear picture on the designing of network architecture and the training of network parameters. In
this work, we developed a non-gradient framework for solving elliptic PDEs based on Neural Tangent Kernel
(NTK): 1. ReLU activation function is used to control the compactness of the NTK so that solutions with
relatively high frequency components can be well expressed; 2. Numerical discretization is used
for differential operators to reduce computational cost; 3. A dissipative evolution dynamics corresponding to
the elliptic PDE is used for parameter training instead of the gradient-type descent of a loss function. The
dissipative dynamics can guarantee the convergence of the training process while avoiding employment of
loss functions with high order derivatives. It is also helpful for both controlling of kernel property and
reduction of computational cost. Numerical tests have shown excellent performance of the non-gradient
method.

C4-3 Deep learning-based method for solving incompressible Navier-Stokes equation and Chan-
Hilliard equation

BIGHk, PUJIR

Abstract: We extend the algorithm presented by Han et al. to Navier-Stokes and Cahn-Hilliard equations in
high dimension, which is an initial boundary value problem. The equation is reformulated using backward
stochastic differential equations and the gradient of the unknown solution is approximated by neural networks.
Numerical examples show the accuracy of the algorithm, which is quite effective in high dimension.

C4-4 DeLISA: Deep learning based iteration scheme approximation for solving PDES

ZH, iK%

Abstract: Solving the high dimensional partial differential equations (PDEs) with the classical

numerical methods is a challenge task. As possessing the power of progressing high dimensional data, deep
learning is naturally considered to solve PDEs. This paper proposes a deep learning framework based iteration
scheme approximation, called DeLISA. First, we adopt the implicit multistep method and Runge-Kutta
method for time iteration scheme. Then, such iteration scheme is approximated by a neural network. Due to
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integrating the physical information of governing equation into time iteration schemes and introducing time-
dependent input, our method achieves the continuous time prediction without a mass of interior points. Here,
the activation function with adaptive variable adjusts itself during the iteration process. Finally, we present
numerical experiments results for some benchmark PDEs, including Burgers, Allen-Cahn, Schr&idinger,
carburizing and Black-Scholes equations, and verify that the proposed approach is superior to the state-of-the-
art techniques on accuracy and flexibility. Moreover, the Frequency Principle is also illustrated

by the changes of prediction at different iterations in this paper.

Zt—. HeiRE G Bl BEEIFE

C5-1 Fully Decentralized Multi-Agent RL

PR, bR
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D1-1 Random Matrix Methods for Machine Learning: “Lossless”’Compression of Large Neural
Networks

BHRT:, EhRH

Abstract: The advent of the Big Data era has triggered a renewed interest in large-dimensional machine
learning (ML) and (deep) neural networks. These methods, being developed from small-dimensional
intuitions, often behave dramatically different from their original designs and tend to be inefficient on large-
dimensional datasets. By assuming both dimension and size of the datasets to be large, recent advances in
random matrix theory (RMT) provide novel insights, allowing for a renewed understanding and the possibility
to design more efficient machine learning approaches, thereby opening the door to completely new
paradigms. In this talk, we will start with the “curse of dimensionality” phenomenon in high dimensions, and
highlight many counterintuitive phenomena in ML that arise when large-dimensional data are considered. By
focusing on the use case of neural network compression, and by considering the data dimension and/or the
ML systems to be large, we discuss how RMT is able to provide a renewed understanding of modern ML.

D1-2 Paradoxes and solutions for semiparametric fusion learning with external summary statistics
HHE, JbaR%

Abstract: Suppose we have available individual-level data from an internal study and various types of
summary statistics from relevant external studies. External summary statistics have been used as constraints
on the internal data distribution, which promised to improve the statistical inference; however, paradoxical
results arise in such data integration: efficiency loss may occur if the uncertainty of the summary statistics is
not negligible and estimation bias can emerge if they are obtained from a different population from the
internal study. We investigate these paradoxical results in a semiparametric framework. We establish the
semiparametric efficiency bound for estimating a general functional of the internal data distribution, which is
shown to be no larger than that using only internal data. We propose an efficient estimator that achieves this
bound so that the efficiency paradox is resolved. This initial efficient estimator is further regularized with
adaptive lasso penalty so that the resultant estimator can achieve the same asymptotic distribution as the
oracle one that uses only unbiased summary statistics, which resolves the bias paradox. Simulations and an
application to a Helicobacter pylori infection data are used to illustrate the proposed methods.

D1-3 Functional approximation perspective on neural networks and statistical models

B, HEHERY

Abstract: Modern machine learning has constantly presented puzzling empirical properties and surprised the
classical statistical theory. Learning with overparametrized models is becoming a norm in data-analytic
applications, and the tension of memorization rarely bothers practitioners. In this talk, I will discuss the
training of overparametrized neural networks from both the neural tangent kernel and the mean-field
perspectives, which guarantee the global convergence property despite the non-convexity of the optimization
landscape. Time permitted, extensions to other overparametrized statistical questions will also be discussed.
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D1-4 Nonparametric Estimation of the Continuous Treatment Effect with Measurement Error
KB E AR

Abstract: We identify the average dose-response function (ADRF) for a continuously valued error
contaminated treatment by a weighted conditional expectation. We then estimate the weights
nonparametrically by maximising a local generalised empirical likelihood subject to an expanding set of
conditional moment equations incorporated into the deconvolution kernels. Thereafter, we construct a
deconvolution kernel estimator of ADRF. We derive the asymptotic bias and variance of our ADRF estimator
and provide its asymptotic linear expansion, which can help conduct statistical inference. To select our
smoothing parameters, we adopt the simulation-extrapolation method and propose a new extrapolation
procedure to stabilise the computation. Monte Carlo simulations and a real data study illustrate our method’s
practical performance.
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D2-1 Flow Neural Network and Beyond for Al-Native Network
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D3-1 Improving Symbolic Regression for Predicting Materials Properties with Iterative Variable
Selection

RRPHWEME, bR

Abstract: Symbolic regression offers a promising avenue for describing the structure—property relationships
of materials with explicit mathematical expressions, yet it meets challenges when the key variables are unclear
because of the high complexity of the problems. Here, we propose to solve the difficulty by automatically
searching for important variables from a large pool of input features. A new algorithm that integrates
symbolic regression with iterative variable selection (VS) was designed for optimization of the model with a
large amount of input features. Using the recent method SISSO for symbolic regression and random search for
variable selection, the VS-assisted SISSO (VS—SISSO) can effectively manage tens or hundreds of input
features that the SISSO alone would be computationally hindered, and it fastly converges to (near) optimal
solutions when the model complexity is not high. The efficiency of this approach for improving the accuracy
of symbolic regression in materials science was demonstrated in the two showcase applications of learning
approximate equations for the band gap of inorganic halide perovskites and the stability of single-atom alloy
catalysts.
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D5-1 The Electrolyte Project

BR, TEE R

Abstract: Lithium metal batteries are considered as promising next-generation energy storage devices due to
their ultrahigh energy densities. However, the high reactivity of lithium metal toward organic solvents and
salts renders inevitable side reactions, which further leads to undesirable electrolyte depletion, cell failure, and
the evolution of flammable gas. Tremendous efforts from experiments have been devoted to the exploration of
advanced electrolytes mainly through trial-and-error approaches, which are both time-consuming and cost-
expensive. Herein, we prosed the Electrolyte Project to accelerate the rational design of advanced electrolytes
through data-driven and machine-learning approaches. Specifically, a big dataset of electrolyte molecules and
corresponding physicochemical properties is constructed through graph theory and high-throughput
calculations. Machine-learning models are further training to predict electrolyte properties. At last, a demo of
the high-throughput design of advanced electrolytes is provided.
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