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The conference will focus on three key areas of machine learning. In the area
of mathematical theory, we will delve into the theoretical foundations and model
building of machine learning, understanding its deep structures from a
mathematical perspective. In the area of scientific applications, we will discuss
how machine learning can solve complex scientific problems and how methods from
scientific computing can be used to develop new algorithms. In the area of
engineering applications, we will focus on how to translate machine learning
research outcomes into practical engineering practices to solve technical

challenges, thereby driving technological innovation and efficiency improvements.
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fif: Qianxiao Li is an assistant professor in the Department of Mathematics, and

a principal investigator in the Institute for Functional Intelligent Materials,
National University of Singapore. He graduated with a BA in mathematics from the
University of Cambridge and a PhD in applied mathematics from Princeton University.
His research interests include the interplay of machine learning and dynamical
systems, control theory and data—driven methods for science and engineering.
WMEEE: NBIEHHEENS 1 EHE

FHE.: We discuss some recent work on constructing stable and interpretable
macroscopic thermodynamics from trajectory data using deep learning. We develop a
modelling approach: instead of generic neural networks as functional approximators,
we use a model-based ansatz for the dynamics following a suitable generalisation

of the classical Onsager principle for non—equilibrium systems. This allows the
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construction of macroscopic dynamics that are physically motivated and can be
readily used for subsequent analysis and control. We discuss applications in the

analysis of polymer stretching in elongational flow.
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Wang, Space Group Informed Transformer for Crystalline Materials Generation,
arXiv:2403.15734. [2] Hao Xie, Zi-Hang Li, Han Wang, Linfeng Zhang, and Lei Wang,
Deep Variational Free Energy Approach to Dense Hydrogen, Phys. Rev. Lett. 131,

126501 (2023)
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Al1-3 Understanding the implicit bias of stochastic gradient descent: A dynamical

stability perspective
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fHE: In deep learning, models are often over—parameterized, which leads to
concerns about algorithms picking solutions that generalize poorly. Fortunately,
stochastic gradient descent (SGD) always converges to solutions that generalize
well even without needing any explicit regularization, suggesting certain
“implicit regularization” at work. This talk will provide an explanation of this
striking phenomenon from a stability perspective. Specifically, we show that a
stable minimum of SGD must be flat, as measured by various norms of local Hessian.
Furthermore, these flat minima provably generalize well for two—layer neural
networks and diagonal linear networks. As opposed to popular continuous—time
analysis, our stability analysis respects the discrete nature of SGD and can
explain the effect of finite learning rates, batch size, and why SGD often

generalizes better than GD.
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A3-4 Towards Understanding the Working Mechanism of Text—to—Image Diffusion
Model

SIS, SN TS

. Recently, the strong latent Diffusion Probabilistic Model (DPM) has been
applied to high—quality Text—to—Image (T2I) generation (e.g., Stable Diffusion),
by injecting the encoded target text prompt into the gradually denoised diffusion
image generator. Despite the success of DPM in practice, the mechanism behind it
remains to be explored. To fill this blank, we begin by examining the intermediate

statuses during the gradual denoising generation process in DPM. The empirical
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observations indicate, the shape of image is reconstructed after the first few
denoising steps, and then the image is filled with details (e.g., texture). The
phenomenon is because the low—frequency signal (shape relevant) of the noisy image
is not corrupted until the final stage in the forward process (initial stage of
generation) of adding noise in DPM. Inspired by the observations, we proceed to
explore the influence of each token in the text prompt during the two stages.
After a series of experiments of T2I generations conditioned on a set of text
prompts. We conclude that in the earlier generation stage, the image is mostly
decided by the special token [\texttt{EOS}] in the text prompt, and the
information in the text prompt is already conveyed in this stage. After that, the
diffusion model completes the details of generated images by information from
themselves. Finally, we propose to apply this observation to accelerate the
process of T2l generation by properly removing text guidance, which finally

accelerates the sampling up to 25\%t.
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A5-1 Deep adaptive sampling for numerical PDEs

A%, HEREEECE S RGRE TR

FHE: We present a deep adaptive sampling method for solving PDEs where deep
neural networks are utilized to approximate the solutions. More precisely, we
propose the failure informed adaptive sampling for PINNs and an adaptive important

sampling scheme for deep Ritz. Both approaches can adaptively refine the training
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set with the goal of reducing the failure probability. Applications to both

forward and inverse PDEs problems will be presented.
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A6-2 Solving Boltzmann equation using neural sparse representation

EFEH, ARt EREAT L

fHE. We consider the neural sparse representation to solve Boltzmann equation
with BGK and quadratic collision model, where a network—based ansatz that can
approximate the distribution function with extremely high efficiency is proposed.
Precisely, fully connected neural networks are employed in the time and spatial
space so as to avoid the discretization in space and time. Different low—rank
representations are utilized in the microscopic velocity for the BGK and quadratic
collision model, resulting in a significant reduction in the degree of freedom. We
approximate the discrete velocity distribution in the BGK model using the
canonical polyadic decomposition. For the quadratic collision model, a data—driven,
SVD-based linear basis is built based on the BGK solution. All these will
significantly improve the efficiency of the network when solving Boltzmann
equation. Moreover, the specially designed adaptive-weight loss function is
proposed with the strategies as multi—scale input and Maxwellian splitting applied
to further enhance the approximation efficiency and speed up the learning process.
Several numerical experiments, including 1D wave and Sod problems and 2D wave
problem, demonstrate the effectiveness of these neural sparse representation
methods. This is a joint work with Prof. Bin Dong and Dr. Zhengyi Li form Peking

University.
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A7-3 Generative decoding for quantum error—correcting codes
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. Digital transformation is revolutionizing the field of materials science,
with deep learning at the forefront of this paradigm shift. This presentation will
unpack the latest advancements in large—-scale machine learning tools and their
transformative applications in the realm of materials design. We will spotlight
the power of deep graph learning, [1] active learningl[2], and generative models[3—
4] in constructing advanced Al emulators capable of simulating, generating, and
designing new materials. Active learning streamlines the learning process by
prioritizing the most informative data, whereas graph learning exploits the
complex relationships within material structures, and generative models push the
envelope in predicting and creating unprecedented material structures. These
state—of—the—art tools are not only enhancing our predictive capabilities but also
accelerating the design of innovative materials with bespoke properties. We will
explore how these Al-driven strategies are being applied to real-world material
challenges, demonstrate their potential to catalyze breakthroughs across various
sectors, and discuss the ongoing efforts and future directions for integrating
deep learning into materials science to foster interdisciplinary collaborations

and drive further advancements in this dynamic and critical field.

A8-5 GPU-accelerated Auxiliary—-field quantum Monte Carlo with multi-Slater
determinant trial states
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B3-3 Sparse discovery of differential equations based on multi-fidelity Gaussian
process

BR#R, EPRRH e 55 b

fHE. Sparse identification of differential equations aims to compute the analytic
expressions from the observed data explicitly. However, there exist two primary
challenges. Firstly, it exhibits sensitivity to the noise in the observed data,
particularly for the derivatives computations. Secondly, existing literature
predominantly concentrates on single-fidelity (SF) data, which imposes limitations
on its applicability due to the computational cost. In this talk, we present two
novel approaches to address these problems from the view of uncertainty
quantification. We construct a surrogate model employing the Gaussian process
regression (GPR) to mitigate the effect of noise in the observed data, quantify
its uncertainty, and ultimately recover the equations accurately. Subsequently, we
exploit the multi-fidelity Gaussian processes (MFGP) to address scenarios
involving multi-fidelity (MF), sparse, and noisy observed data. We demonstrate the
robustness and effectiveness of our methodologies through several numerical

experiments.
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B3-4 pETNNs: Partial Evolutionary Tensor Neural Networks for Solving Time-
dependent Partial Differential Equations

BAEE, EARIMYE R A R T R

fHE.: In this talk, we will introduce our recent work for solving time—dependent
partial differential equations with both of high accuracy and remarkable
extrapolation, called partial evolutionary tensor neural networks (pETNNs). Our
proposed architecture leverages the inherent accuracy of tensor neural networks,
while incorporating evolutionary parameters that enable remarkable extrapolation
capabilities. By adopting innovative parameter update strategies, the pETNNs
achieve a significant reduction in computational cost while maintaining precision
and robustness. Notably, the pETNNs enhance the accuracy of conventional
evolutional deep neural networks and empowers computational abilities to address
highdimensional problems. Numerical experiments demonstrate the superior
performance of the pETNNs in solving time—dependent complex equations, including
the Navier—Stokes equations, high—dimensional heat equation, highdimensional

transport equation and Korteweg—de Vries type equation.

B3-5 Unsupervised transfer learning via adversarial contrastive training
R, AP 552k

fHE: Learning data representation that can be used for downstream supervised
learning tasks under unlabeled scenario is critical and challenging. In this paper,
we propose a novel unsupervised transfer learning approach via adversarial
contrastive training (ACT). Our experimental results achieve outstanding
classification accuracy under both fine—tuned linear probe and $k$-NN protocol on
various datasets, which are competitive compared to existing state—of-the-art self
supervised learning methods. Moreover, we provide non—asymptotic error bound for
the downstream classification task under miss—specified, over—parameterized
setting to elucidate how a large amount of unlabeled samples contributes to our

learning. Our theoretical results not only suggest that the classification error
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of downstream task solely depends on the efficacy of data augmentation employed in
ACT when the sample size is large enough, but also serve to bridge the gap in the
theoretical understanding of the effectiveness of few—shot learning for downstream

tasks.

+H. R EBLEE: BRERKPHENEEE, &
EENA (1D

B4-1 MEMBZTHAGBSTER. EENZR

A, HEREER A ST T

W NERHEH— MR 2 NS IZ S 256 h 2 IOBES:, (RN REA FH A & B B s i ok
R R IE 3 R G DMt 22 3], JFSEIAMA Z TR AL . H RIS T i o] s BE —HL ],
CARZ AN 48 N A 22 f 2% rh SEBLIX S D e TS R Z IR ANH T AEREFRATTFR M 1 — A2 ) 2 A5
A, AT DACMHAT R E R BT 55 e e R b 3R MR, A TR B O M 2 2 TR SR 2 ST B E T AE
AF ARG AE R AR BEAT RARAE IS . AR TR HIX — A, RS NS L i
K, LRSI SRS T8 — RE S N TR B RGNE L.

B4-2 A Brain—inspired Computational Model for Spatio—temporal Sequence
Recognition

Hote, BHERY LH5VERY R

fHE: Temporal sequence processing is fundamental in brain cognitive functions.
Experimental data has indicated that the representations of ordinal information
and contents of temporal sequences are disentangled in the brain, but the neural
mechanism underlying this disentanglement remains largely unclear. We investigate
how recurrent neural circuits learn to represent the abstract order structure of
temporal sequences, and how the disentangled representation of order structure
facilitates the processing of temporal sequences. We show that with an appropriate

training protocol, a recurrent neural circuit can learn tree—structured attractor
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dynamics to encode the corresponding tree—structured orders of temporal sequences.
This abstract temporal order template can then be bound with different contents,
allowing for flexible and robust temporal sequence processing. Using a transfer
learning task, we demonstrate that the reuse of a temporal order template
facilitates the acquisition of new temporal sequences, if these sequences share
the same or partial ordinal structure. Using a key-word spotting task, we
demonstrate that the tree—structured attractor dynamics improves the robustness of
temporal sequence discrimination, if the ordinal information is the key to

differentiate these sequences.

B4-3 KRG : MERZEE AN TH RN

L, bR N TR R 7R

MWE.  E. PEEHENTERMR “ChatCPT” FIRT), FRATXE GEM LA IE K L.
ChatGPT fKHi T — MU IL LS EIE RN THEm s, HEEMTE) “HI” » X5k
TR RE AR AN SR I R I 5 . NSERN 53 1000 /2T, 70 BT i,
BERPHAT RR AR SR A AR SR (W B I, iR AN T RE T S 5-8 JRIRE Y
ML aESE . R, AMeh oo AR B« RO, T S A AR A . PRI, FRATTER
A RER S — NS L ChatGPT K 4-5 PNACEHME KR . KN4
(Biophysically detailed simulation) s&ME—REREHHE R IR G5y B FImaE Al o fir &2 4t
W Ik SR, St SERRAS e S IR T AR R R N TR R U N . AEA TR
Hrb, R IR R SRR T g SRR TT AR, B S EOR IR AN R B R AL . dkitk 2 )5,
AR A A T E AR BRT 7 L HAE N TR RE R B TERL ), SR T I Fh AN T ¢ fie 1 28
fE T IEAE B B AR N TR RGN n, RGN AIRATETET GPU MRBLIIMESE ) i
W, ZHELRSCEL T M LU AR G5 T CPU () NEURON 540 88 517k 1500 fi5 (3R 42Tt (Zhang,
et.al., Nat Commun, 2023) o IX—HARBEW NFERTPIARAT HRIRUEE EAIAII 5 A W) E SEi pf
ZMEFTIT 7RI, SEBUBA T N SR A Re 4R 41 1 W] e .

B4-4 Dendritic Integration—-Inspired Artificial Neural Networks Enhance Data

Correlation
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pal b2 L b AR N2 ey e e A

fHE: Incorporating biological neuronal properties into Artificial Neural Networks
(ANNs) to enhance computational capabilities poses a formidable challenge in the
field of deep learning. Inspired by recent findings indicating that dendrites
adhere to quadratic integration rules for synaptic inputs, this study explores the
computational benefits of quadratic neurons. We theoretically demonstrate that
quadratic neurons inherently capture correlations within structured data, a
feature that grants them superior generalization abilities over traditional
neurons. This is substantiated by few—shot learning experiments. We further
incorporate quadratic neuron into Convolutional Neural Networks (CNNs) with a
biologically plausible approach, leading to novel CNN architectures—Dendritic
Integration—inspired CNNs (Dit—-CNNs). Our Dit-CNNs can compete favorably with
state—of-the—art models across multiple classification benchmarks (CIFAR-10,
CIFAR-100 and ImageNet—-1K), while retaining the simplicity and efficiency of

conventional CNNs.

T8, il BS Bl REEFRINSRES T

B5-1 %1453 1) #8 Hh Sa 58 43 A7 FR T B

HRME, 1 AlE K

WE: (Wisr 77 (PDE) STl jn) @ a] #1952 PDE L3S [ = il . MX—#A ik, 3k
A S MERITUIERS (Probably Approximately Correct, PAC) ULM-2f > BRSNS, 47
T AR AR, TR ST O USRI HESEAE T R 4R RT3 ek B ) B
BEAT T A% 28 X, ISR 18 5 5 I TG BIR 4 DU il o) R 77 v R A E . 2 32 4 B R &
IR, AT T —F0 SO, VPSS BIRRI0 SR T EE0E . ERR T —K
VEBRIR S, FRATTET 0T AR AN AR S ] R ) AR E AT T BB, I REIR A LK X SRR E 1 TR AN
NERATH — M FRAE S h, DR AR IZ A . BT TSRz b5, AT T 7ETC R 4E
JE b SCR AP S S X TAEAM HERE T Gevtalh i) AT R 1) S BB R R, B
S i AL T BRI TR S AL IR
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B5-2 35 5 B I P B B O YA AR o R BE LI RS Il A
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AT Z IR e . PR, ARFEFERhSEIRME N, MG AMELATAR L ) 3 SO0 Hh i K a2
5 B B i oy — A R B ER B R i L, BRATIAE LR S5l 4 B 10 5 2ok Ak e B
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B5-3 Physics—aware deep learning framework for the limited aperture inverse
obstacle scattering problem

FIBIL, Bk KR

FHE: It is well known that traditional deep learning relies solely on data, which
may limit its performance for the inverse problem when only indirect observation
data and a physical model are available. A fundamental question arises in light of
these limitations: is it possible to enable deep learning to work on inverse
problems without labeled data and to be aware of what it is learning? This talk
presents a deep decomposition method (DDM) for such purposes, which does not
require ground truth labels. It accomplishes this by providing physical operators
associated with the scattering model to the neural network architecture.
Additionally, a deep learning based data completion scheme is implemented in DDM
to prevent distorting the solution of the inverse problem for limited aperture

data.

B5-4 BARIZHELIL I I H) R B A

R—EF, WL R¥HR

TR, Tk, himttiatm e K Wasserstein PRS2 N T80, WF%, HEL
RFF U . 28R B AN 5y 32 SIS TR e A s, O B IR i s EE S B A E . AR
BTG NIk Wasserstein S g/ N AR X H RS S, DU S s I Bt 2
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A% (EIT) [ 3RATKA4H Wasserstein SRS S HBERERI Rt 0%, ANITTAL 2 i
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b Arafs B6 HEL. RHEHLES S AR
$57% 7 {41 52
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+ )\ <=HksEs BT E/i: Generative AI for Science

(I

B7-1 EA. HM. ARATINLED TR Uni-Mol

I, AERTRAR A R A
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T 5 FRATH 3T 70 7 =4S M B A O R, ROl 2 2 Tiss ICLR 2023 #&4k[1].
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FHE. Application of machine learning in combustion instability
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Cl1-2 Learning with norm-based neural networks: model capacity and computational-—
statistical gaps
XI5 #E, University of Warwick

E: In this talk, I will discuss some fundamental questions in modern machine
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learning: — What is the suitable model capacity of over—parameterized models? —
What is the suitable function space for feature learning? — Which function

can be learned by two—layer neural networks, statistical and/or computational

efficiently? - What is the computational—-statistical gap behind this? My talk

will partly answer the above questions, both theoretically and empirically.
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C2-2 A Statistical Theory of Regularization—Based Continual Learning

N A TN o e U

FE: We provide a statistical analysis of regularization—based continual learning
on a sequence of linear regression tasks, with emphasis on how different
regularization terms affect the model performance. We first derive the convergence
rate for the oracle estimator obtained as if all data were available
simultaneously. Next, we consider a family of generalized $\ell 2$-regularization
algorithms indexed by matrix—valued hyperparameters, which includes the minimum
norm estimator and continual ridge regression as special cases. As more tasks are
introduced, we derive an iterative update formula for the estimation error of
generalized $\ell 2$-regularized estimators, from which we determine the
hyperparameters resulting in the optimal algorithm. Interestingly, the choice of
hyperparameters can effectively balance the trade—off between forward and backward
knowledge transfer and adjust for data heterogeneity. Moreover, the estimation
error of the optimal algorithm is derived explicitly, which is of the same order
as that of the oracle estimator. In contrast, our lower bounds for the minimum
norm estimator and continual ridge regression show their suboptimality. A
byproduct of our theoretical analysis is the equivalence between early stopping
and generalized $\ell 2$-regularization in continual learning, which may be of

independent interest. Finally, we conduct experiments to complement our theory.

C2-3 RERKZHr B R 5HKIR
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RN T EZ AR R B B REENEN . HIFIRY], SIS 2% B 5 70 A1 A SR BEXS T
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C2-4 Ternary Quantization for Distributed Mean Estimation

EWRE, HFREER

fHE.: The increasing size of data has created a pressing need for protection of
communication and data privacy, spurring significant interest in quantization.
This paper proposes a novel scheme for variance reduced correlated quantization
that is designed for data with bounded support and distributed mean estimation.
Our method achieves a theoretical reduction in mean square error for fixed and
randomized designs compared to the correlated quantization method under different
levels and dimensions scenarios. We conducted several synthetic data experiments
to illustrate the effectiveness of our approach and to provide a good
approximation of the reduced mean square error based on our theory. We also
applied our proposed method to real-world data with different learning tasks, and

it produced promising results.
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C4-1 AI for Permutation: Trainable Sparse Optimal Transport

%, L& K%

. Learning permutations is a classical and fundamental task in statistics and
machine learning, and is closely related to sorting, ranking, and selection
problems. However, permutation matrices are discrete by nature, making it hard to

embed trainable permutations in end-to—end and gradient-based learning frameworks.
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This issue also greatly hinders contemporary artificial intelligence to deal with
discrete and structural problems. More recently, the close connections between
optimal transport (0T) and permutations have received massive attentions in the
machine learning community, and various differentiable soft—permutation operators
have been proposed based on the entropic-regularized OT formulation. However, the
approximate permutation matrices learned from these methods are completely dense,
thus losing the selection functionality of a genuine permutation operator. In this
work, we consider the sparse OT problem based on the quadratic regularization, and
study its differentiation properties. We show that although the learned
approximate permutation is not smooth, it possesses Bouligand derivatives as a
generalization to the gradient. We also derive a closed—form expression for the
Bouligand derivative of the learned permutation, and implement it as a deep
learning layer that supports automatic differentiation. Various numerical
experiments are conducted to illustrate the effectiveness of such trainable
permutations in machine learning tasks such as neural network pruning and neural-

network—based kNN classifiers.

C4-2 Constrained Policy Optimization with Explicit Behavior Density (CPED) for
Offline Reinforcement Learning

o, FHRHERY OTHD / FERIRE AR R

. Due to the inability to interact with the environment, offline reinforcement
learning (RL) methods face the challenge of estimating the Out—of-Distribution
(00D) points. Existing methods for addressing this issue either control policy to
exclude the 00D action or make the $Q$ function pessimistic. However, these
methods can be overly conservative or fail to identify 00D areas accurately. To
overcome this problem, we propose a Constrained Policy optimization with Explicit
Behavior density (CPED) method that utilizes a flow—GAN model to explicitly
estimate the density of behavior policy. By estimating the explicit density, CPED

can accurately identify the safe region and enable optimization within the region,
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resulting in less conservative learning policies. We further provide theoretical
results for both the flow—GAN estimator and performance guarantee for CPED by
showing that CPED can find the optimal $Q$-function value. Empirically, CPED
outperforms existing alternatives on various standard offline reinforcement

learning tasks, yielding higher expected returns.
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C5-2 Graph Fourier Transforms on Directed Graphs

27 e VA TN

fHE. Graph signal processing provides an innovative framework to process data on
graphs. The widely used graph Fourier transform on the undirected graph is based
on the eigen—decomposition of the Laplacian. In many engineering applications, the
data is time—varying and pairwise interactions among agents of a network are not
always mutual and equitable, such as the interaction data on a social network.
Then the graph Fourier transform on directed graph is in demand and it should be
designed to reflect the spectral characteristic for different directions,
decompose graph signals into different frequency components, and to efficiently
represent the graph signal by different modes of variation. In this talk, I will
present our recent work on the graph Fourier transforms on directed graphs which

are based on the singular value decompositions of the Laplacians.

C5-3 Uncertainty Quantification in Scientific Machine Learning

¥, Br R/ BlINE Ry

fHE: 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. In this talk, we
will present a comprehensive framework that includes uncertainty modeling, new and
existing solution methods, as well as Information bottleneck based uncertainty

quantification for neural function regression and neural operator learning.
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FWE. Generalization of DeepONets for Learning Operators Arising from a Class of

Singularly Perturbed Problems
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C6—4 Generative Networks for Inverse Problems without Ground-Truth Data

Oscar Leong, University of California, Los Angeles

FHE: We consider solving ill-posed imaging inverse problems under a generic
forward model. Because of the ill-posedness present in such problems, prior models
that encourage certain image—-based structure are required to reduce the space of
possible images when finding a solution. Many approaches based on machine learning
try to learn the underlying image generation model given samples from the data
distribution of interest, and use this to solve a constrained inverse problem;
however, in many applications, ground-truth images may be unavailable. In contrast,
we propose to either select or learn an image generation model from noisy
measurements alone, without incorporating prior constraints on image structure. We
first show how, given a collection of candidate models, the Evidence Lower Bound
(ELBO) of a variational distribution can be used to select an appropriate prior.
Then, we showcase how in the absence of available priors, one can directly learn
the underlying image model from a set of noisy measurements using the ELBO. We
assume crucially that the ground-truth images share common, low—dimensional
structure. The learned model leverages this structure in its architecture, which
consists of a shared generator with a compressed latent space where each
measurement posterior is learned variationally. This allows the model to learn
global properties of the data distribution from noisy observations without
overfitting. We illustrate our framework on a variety of inverse problems, ranging

from denoising to compressed sensing problems inspired by black-hole imaging.
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C7-2 MBEMMEHE TREMAER TEIBEERERMFEEFERY

BEER, HERER AT

fHE: The hypersonic flow is in a thermochemical nonequilibrium state due to the
high-temperature caused by the strong shock compression. In a thermochemical
nonequilibrium flow, the distribution of molecular internal energy levels strongly
deviates from the equilibrium distribution (i.e., the Boltzmann distribution). It
is intractable to directly obtain the microscopic nonequilibrium distribution from

existed experimental measurements usually described by macroscopic field variables
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such as temperature or velocity. Motivated by the idea of deep multi-scale multi-—
physics neural network (DeepMMNet), we develop in this paper a data assimilation
framework called DeepStSNet to accurately reconstruct the quantum state-resolved
thermochemical nonequilibrium flowfield by using sparse experimental measurements
of vibrational temperature and pre—trained deep neural operator networks
(DeepONets). In particular, we first construct several DeepONets to express the
coupled dynamics between field variables in the thermochemical nonequilibrium flow
and to approximate the state—to—state (StS) approach, which traces the variation
of each vibrational level of molecule accurately. These proposed DeepONets are
then trained by using the numerical simulation data, and would later be served as
building blocks for the DeepStSNet. We demonstrate the effectiveness and accuracy
of DeepONets with different test cases showing that the density and energy of
vibrational groups as well as the temperature and velocity fields are predicted
with high accuracy. We then extend the architectures of DeepMMNet by considering a
simplified thermochemical nonequilibrium model, i.e., the 2T model, showing that
the entire thermochemical nonequilibrium flowfield is well predicted by using
scattered measurements of full or even partial field variables. We next consider a
more accurate and complex thermochemical nonequilibrium model, i.e., the StS—CGM
model, and develop a DeepStSNet for this model. In this case, we employ the
coarse—grained method, which divides the vibrational levels into groups
(vibrational bins), to alleviate the computational cost for the StS approach in
order to achieve a fast but reliable prediction with DeepStSNet. We test the
present DeepStSNet framework with sparse numerical simulation data showing that
the predictions are in excellent agreement with the reference data for test cases.
We further employ the DeepStSNet to assimilate a few experimental measurements of
vibrational temperature obtained from the shock tube experiment, and the detailed
non—Boltzmann vibrational distribution of molecule oxygen is reconstructed by

using the sparse experimental data for the first time. Moreover, by considering
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the inevitable uncertainty in the experimental data, an average strategy in the
predicting procedure is proposed to obtain the most probable predicted fields. The
present DeepStSNet is general and robust, and can be applied to build a bridge
from sparse measurements of macroscopic field variables to a microscopic quantum
state—resolved flowfield. This kind of reconstruction is beneficial for exploiting
the experimental measurements and uncovering the hidden physicochemical processes

in hypersonic flows.

C7-3 Deep adaptive basis Galerkin method for evolution equations

JBREF, TR A B B

fHE: Neural network-based numerical methods for differential equations have been
widely developed in recent years. In this work, we study deep neural networks
(DNNs) for solving high-dimensional evolution equations with oscillatory solutions.
Unlike other existing methods (e.g. PINNs) that deal with time and space variables
simultaneously, we propose a deep adaptive basis Galerkin (DABG) method which
adopts the spectral-Galerkin method for time variables and the network-—based
method for high—-dimensional space variables. We also establish estimates of the
solution error. Numerical examples, including high—-dimensional linear parabolic
and hyperbolic equations, and a nonlinear Allen—-Cahn equation are presented to

demonstrate the advantage of the DABG method over other existing methods.
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C9-3 On Representing (Mixed-Integer) Linear Programs by Graph Neural Networks
MF 5, Massachusetts Institute of Technology

FHE: While Mixed—integer linear programming (MILP) is NP-hard in general,
practical MILP has received roughly 100-fold speedup in the past twenty years.
Still, many classes of MILPs quickly become unsolvable as their sizes increase,
motivating researchers to seek new acceleration techniques for MILPs. With deep
learning, they have obtained strong empirical results, and many results were
obtained by applying graph neural networks (GNNs) to making decisions in various
stages of MILP solution processes. We study the theoretical foundation and
discover a fundamental limitation: there exist feasible and infeasible MILPs that
all GNNs will, however, treat equally, indicating GNN's lacking power to express
general MILPs. Then we show that linear programs (LPs) without integer constraints
do not suffer from this limitation and that, by restricting the MILPs to
unfoldable ones or by adding random features, there exist GNNs that can reliably
predict MILP feasibility, optimal objective values, and optimal solutions up to
prescribed precision. We also show that second-order GNNs can represent branching
strategies for MILPs and extend some results to quadratic programs. Small-scale

numerical experiments are conducted to validate our theoretical findings.

C9-4 An Effective AI-Driven Algorithm for Decentralized Optimization

3, LRtk

FHE: Most decentralized optimization algorithms are handcrafted. While endowed

with strong theoretical guarantees, these algorithms generally target a broad
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class of problems, thereby not being adaptive or customized to specific problem
features. This talk discusses data—driven decentralized algorithms trained to
exploit problem features to boost convergence. Existing learning—to—optimize
methods typically suffer from poor generalization or prohibitively vast search
spaces. In addition, they face more challenges in decentralized settings where
nodes must reach consensus through neighborhood communications without global
information. To resolve these challenges, this paper first derives the necessary
conditions that successful decentralized algorithmic rules need to satisfy to
achieve both optimality and consensus. Based on these conditions, we propose a
novel mathematics—inspired learning—to—optimize framework for decentralized
optimization. Empirical results demonstrate that our learned algorithms outperform
handcrafted algorithms and exhibit strong generalizations. Algorithms trained with
100 iterations perform robustly when running 100, 000 iterations during inferences.
Moreover, our algorithms trained with synthetic datasets perform well on problems

involving real data, higher dimensions, and different loss functions.
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fHE: We consider the problem of learning functions in the Fp and Barron spaces,
which are relevant for understanding random feature models (RFMs), two—layer
neural networks, and kernel methods. Through a duality analysis, we reveal an
equivalence between the approximation and estimation for learning functions in the
two spaces. This allows us to focus on the easier task between approximation and
estimation when examining the learnability of these function spaces. Furthermore,
we demonstrate the flexibility and versatility of our duality framework through
comprehensive analyses of two specific applications: 1. Random feature learning

beyond the kernel regime. We prove that RFMs can learn functions in the Fp space
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without the curse of dimensionality as long as p>l. This result implies that RFMs
can work well beyond the kernel regime since the Fp space is strictly larger
than the associated reproducing kernel Hilbert space (RKHS) when p<2. 2. The L-
infty learnability of RKHSs. By leveraging the duality principle, we establish
both lower and upper bounds for learning functions in a RKHS under the L-infty
norm, linking the L-infty learnability to the eigenvalue decay of the associated
kernel. We then apply these bounds to dot—product kernels and identify conditions
under which the learning either suffers from or overcomes the curse of
dimensionality. In particular, these results imply that learning with (random)
ReLU features is generally intractable under the L-infty norm. To establish the
aforementioned dual equivalence, we introduce an information—based complexity
measure. We show that this complexity can effectively control minimax estimation

errors in various settings, which might be of independent interest.
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D1-3 Understanding Implicit Bias in Input Spaces

KREE, HERF

fHE: One explanation for the strong generalization ability of neural networks is
implicit bias. Yet, the definition and understanding of implicit bias in non-—

linear contexts remains mysterious. In this work, we propose one form of implicit
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bias, characterized by the count of connected regions in the input space with the
same predicted label. Compared against parameter—dependent biases (e.g., norm or
normalized margin), region count can be better adapted to nonlinear,
overparameterized models, because the count value is determined by the function
mapping and is invariant to reparametrization. Empirically, we found that small
region counts align with geometrically simple decision boundaries and empirically
correlate with good generalization performance. We also observe that good hyper-—
parameter choices such as larger learning rates and smaller batch sizes can induce
small region counts. We further establish the theoretical connections between
region count and the generalization bound, and explain how gradient descent can

induce small region count in nonlinear neural networks.
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LRIRUHEZR (NTH) , BFFL 1A IR SE IR EEZE M 4% (ResNet) HIFZY)Zit% (NTK) Bh&AT 4.
iR G, T HEAICHEM Lipschitz #0E K ResNet, 2 T8 m AR T IIZRAEA S n IER
ATNPARDT B R =0k 07 ik, AT S AEA R RE THIAT N ZE . HT Luo
FNKIBETE, AR T RGBT M 2% TG B DL R A I . BRI 2
Zrd A B AR T T MRS, KR AR 2 S R SCBEAFAE, A Bh TR T i 2%
Wiz Abse /s wJa, FATWIIT 1T 2 B AR 4 2% 1E WAL 55 R ——Dropout k. ™%
WELRHE S, 51 TRENUBIETTHE, A Dropout (MBS HUEA I FEFR AL Rl that, SRIRiE
P B, Dropout {EFHZ ML ZRas RN Wi SEAE it T BERINLR

D2-4 ODE-based Learning to Optimize
B, JERURFECE R B
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FWE. Recent years have seen a growing interest in understanding acceleration
methods in optimization through the lens of ordinary differential equations (ODEs).
Despite the theoretical advancements, translating the rapid convergence observed
in continuous—time models to discrete iterative methods poses significant
challenges. In this talk, we present a comprehensive framework integrating the
dynamical inertial Newton with asymptotic vanishing damping equation (DIN-AVD) for
developing optimization methods through a deep synergy of theoretical insights and
learning—based approaches. We first establish the convergence condition for
ensuring the convergence of the solution trajectory of DIN-AVD. Then, we show that
provided the stability condition, another relaxed requirement on the coefficients
of DIN-AVD, the sequence generated through the forward Euler discretization of
DIN-AVD converges, which gives a large family of practical optimization methods.
In order to select the best optimization method in this family for certain
problems, we introduce the stopping time, the time required for an optimization
method derived from DIN-AVD to achieve a predefined level of suboptimality. Then,
we formulate a novel learning to optimize (L20) problem aimed at minimizing the
stopping time subject to the convergence and stability conditions. To navigate
this learning problem, we present an algorithm combining stochastic optimization
and the penalty method (StoPM). We also leverage the conservative gradient to
address the challenges posed by non—smoothness inherent in neural networks. The
convergence of StoPM using the conservative gradient is proved. Empirical
validation of our framework is conducted through extensive numerical experiments
across a diverse set of optimization problems. These experiments showcase the
superior performance of the learned optimization methods, which highlight the
robustness and adaptability of our framework, underscoring its potential to

advance the ODE viewpoint of optimization and L20.
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=+=. 4<HH4sE D3 H/: Learning dynamical
models from data: algorithms, analyses and

applications

D3-1 Predicting and modulating complex dynamics using data—driven and machine
learning techniques

AR, EERPEER b/ B R R RS

fHE: In the era of the data science, model-free techniques are developed
overwhelmingly. When the experimentally—-collected data are generated by dynamical
systems, the missions of reconstruction, prediction, and modulation only based on
these data are highly anticipated to be achieved for these systems. Here, we
introduce several directions of progresses made by our research group in
developing the model-free techniques using machine learning techniques and
dynamical systems theory. We use representative systems of physical or/and
biological significance to demonstrate the developed techniques. We hope that all
the methods can shed a light on deciphering and controlling the hidden dynamics

that dominate the evolutions of any systems in real-world.

D3-2 From Data to Dynamics: Deep Modeling of Unknown Differential Equations
R, FITRHIR Y

fHE: This talk will introduce effective methods for learning unknown time—
dependent differential equations from measurement data. We will explore the
importance of using many short bursts of trajectory data instead of a few long
trajectories. We will present several data—driven modeling strategies using deep
neural networks. It will be shown that residual networks are particularly suitable
for equation discovery, as they can produce an exact time integrator for numerical

predictions. Additionally, the deep learning of unknown partial differential
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equations in modal or nodal spaces will be discussed, along with recent advances

in structure—preserving learning approaches for unknown equations.

D3-3 RoeNet: Z&-T-H35 I XN #h 2 55 i [F] i e

RERFAN, WL RSN R 5B

TR T AN ZRB 4R vh ToVE M B AR SR ANIE LI B — B B 7 2 ) — X
FATHEH T — PR yE 2, TR AT R 1A A E P YIGREE R BRI ANE S R, T
Tt X B 3l o0 7 REAS TR SR (0 AN AL . AT 7 VRS2 B4 3 Roe SRIGARI)E K, FHid
L BEUTB)) 77 505 A I 4 G5 R T T S0 (R AR B A BEASE IR, fSt HHts SR 20 (1 T 255 BB % 35 /2 Roe
KB BEARBE LI o e TR0 0L i e 5 1 W e P AL, FRATT R R T 8040 Ik B 1) RoeNet 1
AERAVERN SRR JT R T 22 ML) Roe SK Ak A1 EAT 55 0 560 R ROV BE A 22 I 2%

D3-4 FERIRAIEM: NEHE 2SI FED LD 77

PLEZM, National University of Singapore

T HOUIIEE b S RN BIBE LR T R — T 2 H R PR AR 2% . H AT BT kil &
Aol Ao 22 P 48 SRAE T IR AS AT ORI 2, A e AL SR Ay s T B AR A 45 2 LI 20K 28 o 2%
SR, IR T VEE MO T b BB A% 20, I S B 2 s i () 2 R Bl . B4
AR, JATR A GX S H ik SDE A8 % BRI FTL A 7% — M T30 ) R G REHL I sh B
W TR B L, LB RIER, ShamERAILAL (DynGMA) o H B AIRS fff 1 %% 2
WALk, FRATTEY TVEAE 57 ST R FE RS A4 TR B LA S N H s o i S AN AR 73 A7 5 T R I L T
R J7i5 . T HE RERS AL PRARIN 7] 73 28 A0 R] AR 28 AN AT S5 R DG s a3 4 e
Gillespie BEMURAUA: BEHIE . FRATIERE FE7R 2 ANF I 50 H BRI 45

=+=. 4G DA F/E: IBREIERX (1D

D4-1 GAN YIZRHI =B B

WEHE, 5HKR

TE: RS PINE (GAN) 2 mRd iy, (Ho IR & A S IR . FAT#
GAN YIZRIF A =AELEN B — & WA B, Rt — D mZlm, a1 RS Rk
B B DA B A 2 5 R St B B TR RS AH G o o BT R AN B 0 SR R RARRAE , BRATIHR H — A
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BIEIEAESE, BE T GAN BUIESAMEEOIH, S 7T LA A SE Iy skl &
&R T — AN FRb AT MG AR 352 (B B A2, PR LB e« S ak Sk rb DAL
E GAN WIZk. A RAHE A E SR 4R LI SLIR 45 RAUESE T JATHIEAE 2 IR IRIE 1 3AT
BRI X RMTE EE TR,

D4-2 WE— AR PR BB R BRAMMG TR 0 (N) RRERMFEN #2735

2 X\

TMER, RS D

MWE: Mg HR T RGHEVFZ AT R SIS A EE NN . R ARG S KRR
PR F E T KEABAERAT NI, (ER SR TR 2T R T BRIk . 341

PR T OB SEAE SR, R EERIZSR AR T A AR R KRR I 2 B0 0N 2)
BORE, HA NORrHE. Eie, BATSIN T — AR Bk R (SOE) Jafl, H5ix

AU TR AR F54F Ewald 73 2 5 AL R SO AR A 15 170, AT B 17 9 R 1 R B A

— B, R AR IERRRE] 0N 7/5) o SERRZ> T3 JJ Al AT HL SOE IL 2 )&
k-2 ] e Ik AR A 17 1) AR BOR I vE . DRI, BRATTEE A 5 TR 5N k=48] Y

BEAL > i BB RAE T . BATTUENEX A EENL - I R TR, BA T Z RO, Hig

gt — R AR R O(N) o BATEL BAER B e 1 BAVFIEIVEREARS . 55T
Ewald2D J5i5AiLE, ESEL T 2~3 NECEEHIINE, (575 R % LR IEAT =ik 1076 MR T

K> a5 BRI, 25 AR E S THE AR T, RG22 RGOS T 0.

D4-3 GLEMKTTERBRERE LN ARG TR

Verrlke, LIRS Heeml s 7t

WE: RINA Ll LRI 3 4ERRE 1) 2 4ERE B n) & w77 1%
Wt B R BN R s 8RS th, ZINER T B 3 BE S G 8] R e R e )
ZIE BRI, RS T RE LSRR R R ESE, AR R SR ARkt
ATHRE B T 7RI 1R A B THUE AR R 4 AN AR o A Ao T IR () e L, 3 s
MITHSE R AR, FRA A2 SR O 5 VoK R R 4 FE AN T S R 2% R 3 T VL S int e 1 A
UENE . FAVRTR I BME L R E i B W B PR A RF LA R AL 267 Poisson JrfE. £tk
B AL T AR AR LN Burgers J7 TR
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D4-4 JEfRFAEBK BRI

FakH, KUK 5500k

WE: BRI RNAT ALE AR TR MR AR, SR AT 2 A0 SGTE 1 H G 1 =) & 1 i
o AR, EF IR 2 g R R E A AN K, ] AR R S R kAT i A . H2
4 NATTRE T B i e R P 5 1 52 2 AR AR R B R, R TE A e L i sk B A
BHCREINS S 22 ML FR i 207 AR AR A R X S T R I R NI RE 1) o A 5 4 T7 B A 21 3R 7 B A
BeE g, PO Bk DL m R B 5 TR 2% Ak o H 2 = 4 3R R R Y 1R A B e s B
WAy . BRI HEMZMGE, FUIER R WA BaRgmm. min st
ATV & ISR S 2 D7 AR ER T Pk, ok HLIG 187 2/ 48w 4 PR G SR S I THI (1 — 2
BEg AR, DL AT RERE NS SIS H .

S+, AR D5 B BURRE T BHLE
Bk (ID

D5-1 Wasserstein A6 BEWR KRGS JR 46 %5 8 77 v

BEADL, TR R R B

WE: ORI —FET R BUE TVER SRR — AT % BT RIS T AR, XK FAE
ERARI AL PR B T T N, WA K SRS AR R R R
RSN )55 . XKV LB R R T I B 15 2 M) X Wasserstein %iig P 2§ i Hh
FER. B RIS 450, 4D Wasserstein BZEE B BN 14 20 E, BAME T —A4
BIH JKO k&2, AR — AN BAT P2 H bR e B Z Mt 20 o 10 B /MG Il L, 2 ) AT e AR
SBT3 2 IR A SR AR . 207 BA IR PUE s EVERI e AR, R T
S {2 M RIR A IR iy SR 1 R T ) R . BN JR s — AU S0 401 SR 10 PR FRAT T BV 1 A

D5-2 15 77 FE R M 2 P 4% 7 1 . B & L B U SRR B TS

THEE, PEEFERECES RGR

WE: 9K, RIVRRME () o 77 FRIER BE 2 2 7 1B i O T H AU R — A B2
WHENES . DL 7 RR R BE 2 ) U5 A 25 T B HUE L 1Y) DeepRitz, DGM/PINN, WAN 4%,
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3T B 78T [ PDE-net, DeepONet, FNO, OnsagerNet %%, f{ERR#UELRyiEd, RE
DeepRitz A PINN L4 BN IR TT iR AN TSkl , (B N FH 21 5225 1) il A7 A % 2 &1
MO SE.  Hodn: DeepRitz JjVEAJ7 ACEARREEE R G0, 1 HooS BB 73 1% 22 HUBRURG: T
PINN J7y BN A ff B0, HR VA PSR,  Adis b, AT 4SS & DeepRitz A1 PINN B A
PR — Bl E, S R BOE T 10 N 3 IV P A A5 SRR T IR 24 S35 A T TS S8 O SR A R AT 4
#r o

D5-3 AN AR BE 1) 55 A5 1 P 4% ilRE 5 5

JA#, City University of Hong Kong

TR AR G T4 v B o 77 R ) 59 T 2R 3 1) v R8s F ) B AN ML R0 T A 2 B
ARFAAZMPEER) i1d FEA . AN TG ERAI, A 2% B R P AR5 1o /oK
R NE AR R e . BT 95 ORI SR s B Il e B, B BV AR G R T PINN B
AR R PR A B RE T

D5-4 3T Gromov-Monge TE JUJ £k, i) B 8 AE F 2%

AR, B K

WE: Ao i 2% B A RN R R RS S5k mi e O T ook el i, FRATTTE OR BE 45 M e
AUE 14 [ B K 00 2 A S B 2 1] b, SR 5 R AR A 0 A B 258 A (R e A . Qb i) 2
R A A A I SRR I o BB SR IR SEZ VA B s R R, I HAER PR I 2Rk
PS5 o) i 5 BAR A

=+FH. e RE D6 B PRSI HIEREEFE Bk
FIHE S

D6-1 Exploring low—dimensional data structures by deep neural networks with
applications on operator learning

XIikE, Ko R

fHE: Deep neural networks have demonstrated a great success on many applications,

especially on problems with high—-dimensional data sets. In spite of that, most
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existing statistical theories are cursed by data dimension and cannot explain such
a success. To bridge the gap between theories and practice, we exploit the low—
dimensional structures of data set and establish theoretical guarantees with a
fast rate that is only cursed by the intrinsic dimension of the data set.
Autoencoder is a powerful tool in exploring data low—dimensional structures. In
our work, we analyze the approximation error and generalization error of
autoencoders and its application in operator learning. Our results provide fast
rates depending on the intrinsic dimension of data sets and show that deep neural

networks are adaptive to low—dimensional structures of data sets.

D6-2 TN RERS)H EE AR

EWE, s AY

TE: AW SRR AR Z U 1 — AN 7775, el SR RUE B s Eok

AR S RGNS B AT A, NN R 07 FOHBE o« SR, 3 5 V208 5 B RS 43 B

FLAR I S B PT DL AR SR P (KPR B X T BRI 2 REE R, BN S Hon]
REFGEEA L . FATVH M ERZ RERE, 97— NMET 53 W 2B ARk 5 B A Uy

P, JE 4 WIS SR i B S AR Y (R AR M o AR W] A AT R R XA B P 1) 2 A A

HAERAN BT, IR e B B BT At i . B SEIIE B 1% T 50 10 2 R SR AR B v 2 2 0

LR R
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TR QNIRRT — AR, T2 ED PR ECEE, OFREAE.
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SBE T RIS E BT BPRL T RIBE NN % FATIEZS 1 REAE X R G B AR G A 1) R S 1Y
I, FRATTHUR B 57 31 s B HE AR It AR A3 R B AT T FE . A, RIAEXT T #esh A WPk 7, 3k
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FHE: XS T PDE KfE, AL GA RICIAE SEUEE AR RS A Z T MIONet, #EH T —Fb
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D9-1 Hyper—gradient in bilevel optimization: efficient computation by Krylov
Subspace and enhanced investigation in reinforcement learning

mR, T EEREB S RG R R

fHE.: Bilevel optimization, with broad applications in machine learning, has an
intricate hierarchical structure. Hyper—gradient-based methods have emerged as a
common approach to large—-scale bilevel problems. However, the computation of
hyper—-gradient which involves a Hessian inverse vector product, confines the
efficiency and is regarded as a bottleneck. In this talk, for bilevel problems
with lower—level strong convexity, we propose a provable subspace—based framework,
which constructs a sequence of low—dimensional approximate Krylov subspaces able
to dynamically and incrementally approximate the Hessian inverse vector product
with less effort, and thus leads to a favorable estimate of the hyper—gradient. In
the context of bilevel reinforcement learning (RL), a class of structured bilevel
optimization problem, by employing the fixed point equation associated with the
regularized RL, we characterize the hyper—gradient via fully first—order
information, thus circumventing the assumption of lower—level convexity. Moreover,
we propose both model-based and model-free bilevel reinforcement learning

algorithms, both of which are provable to enjoy the optimal convergence rate.
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E1-4 Loss Spike in Training Neural Networks
ZERel, iSRS ECE R b
FWE. In this work, we investigate the mechanism underlying loss spikes observed

during neural network training. When the training enters a region with a lower-—
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loss—as—sharper (LLAS) structure, the training becomes unstable, and the loss
exponentially increases once the loss landscape is too sharp, resulting in the
rapid ascent of the loss spike. The training stabilizes when it finds a flat
region. We explain this phenomenon from the frequency perspective, observing that
the deviation in the first eigen direction is predominantly influenced by low-
frequency components. Since low—frequency information is captured very quickly
(frequency principle), a rapid descent is subsequently observed. Inspired by our
analysis of loss spikes, we revisit the link between the maximum eigenvalue,
flatness and generalization. The maximum eigenvalue of the loss Hessian is a good
measure of sharpness but not a good measure for generalization. Furthermore, we
experimentally observe that loss spikes can facilitate condensation, causing input
weights to evolve towards the same direction. And our experiments show that there
is a correlation (similar trend) between $\lambda {\mathrm{max}}$ and condensation.
This observation may provide valuable insights for further theoretical research on

the relationship between loss spikes, $\lambda {\mathrm{max}}$, and generalization.

=+, aeks E2 T8 2492 (1D

E2-1 j&it Fokker-Planck R A FBE Q IR IwiTF

FRE, BT EESEKTR%M
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Q2 R IE N . 2%, FRATEIR T 1 42 H0as (A I 22 I 28 € T 25 R0 2k St
TRIRAFTE B A2 RN /N RO AL TSR (8 Ao AR A B Y B JBE U7 YR AE 2 450 ) w1 R X T 4
PRHE T HIILA .
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E2-2 Input gradient annealing neural network for solving low—temperature Fokker—
Planck equations

PR, HOARE R

fHE. We present a novel yet simple deep learning approach, called input gradient
annealing neural network (IGANN), for solving stationary Fokker—Planck equations.
Traditional methods, such as finite difference and finite elements, suffer from
the curse of dimensionality. Neural network based algorithms are meshless methods,
which can avoid the curse of dimensionality. However, at low temperature, when
directly solving a stationary Fokker—Planck equation with more than two metastable
states in the generalized potential landscape, the small eigenvalue introduces
numerical diffculties due to a large condition number. To overcome these problems,
we introduce the IGANN method, which uses a penalty of negative input gradient
annealing during the training. We demonstrate that the IGANN method can
effectively solve high—-dimensional and low-—temperature Fokker—Planck equations

through our numerical experiments.

E2-3 Quantifying Training Difficulty and Accelerating Convergence in Neural
Network-Based PDE Solvers

BREEWE, 0 R/ FHRHR Y

fHE. Neural network-based methods have emerged as a powerful tool for solving
partial differential equations (PDEs) in scientific and engineering applications,
particularly when dealing with complex domains or incorporating empirical data.
These methods leverage neural networks as basis functions to approximate the PDE
solutions. However, training such networks can be challenging, often resulting in
limited accuracy. In this paper, we delve into the training dynamics of neural
network—based PDE solvers, focusing on the impact of eigenvalue distribution and
initialization techniques. We assess training difficulty by analyzing the
eigenvalue distribution of the gradient descent kernel and introduce the concept

of truncated effective rank to quantify this difficulty. A larger truncated
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effective rank leads to faster convergence of the training error. Through
experiments and theoretical analyses, we showcase the effectiveness of two
initialization techniques, Partition of Unity (PoU) and variance scaling, in
enhancing the truncated effective rank. Finally, we experimentally validate the
efficacy of these techniques on popular PDE solving frameworks, including PINN,
Deep Ritz, and DeepONet models, demonstrating their ability to improve training

efficiency and accuracy.

E2-4 K& Transformer RFEIFH EEG %3

EIKE, FERHRPH R
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