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552 This talk primarily introduces the development progress of our study on artificial intelligence
algorithms and complex systems, along with some recent advancements. It will particularly focus on issues
such as dynamical causality detections, phase reduction in complex biological oscillators, fusion of multiple
complex dynamics, implementation in prediction using low-power intelligent computing architectures, and
the regulation of oscillatory dynamics.

K& 2: Kernel FISTA and Application to Image Deblurring

et Nfagr: BEE, #EMKILIE#d%. LIMEER 2 K2 Bes N RO AR S Tk
HE R RFES 2000 FRAFAE HURFHUF 5 1507, 2004 473K ARG 31 T4 e B0 12 22437, 2007
SRR+ = R HE AT . B HER T 2007 FEEE 2L Cachan &4 IHE SR N FEHH L5
9T, SERBR S RKPECF R M EER . BB, FE SO R AR REIEBE% . 203,
e N TR e O AR, IE) M 7 i 8r 5 ik, 2025 4 6 HIAILImE#E =
FEm I AR VR R A% . AR T ENEBENA S BB N TR RE . DL ) S %
QUL TAE, B AR 200 RiF. GHEIET 2021 FRFELRFF2HFEFERL, 2025 FAN
TR HTIHAR- 52 B4R R R BRAT 2% TR RBS R . W 20 3235 2 DURHE S0 B s iR T R & T2 4
F AR RS FBMARIR . FEIRCE S E KRR, LIS 5% Wi T 0
JG. [AF4H4T Pattern Recognition 252 M2 L

15 % Image deblurring is a challenging inverse problem due to its ill-posed nature, leading to various
strategies for enhancing stability. The Rudin-Osher-Fatemi (ROF) model is a seminal framework recognized
for its effectiveness in image denoising and deblurring, inspiring numerous variational techniques. Despite
existing approaches focusing on solving analysis-based, synthesis-based, and balanced models, achieving a
more accurate solution to the ROF model remains an open question. The Fast Iterative Shrinkage-
Thresholding Algorithm (FISTA) is a widely applied numerical algorithm known for its efficiency in large-
scale optimization. However, FISTA’ s effectiveness in solving the ROF model is constrained because it is
primarily designed for synthesis models when the sparsifying transform is orthonormal. To overcome this
limitation, we propose a novel Kernel FISTA (K-FISTA), integrated with a structured Pseudoinverse Image
Formulation (PIF) model. In practice, our approach outperforms classical methods like ADMM and sPADMM
by achieving lower final energy values, offering a more accurate numerical approximation to the common
minimizer while maintaining fast convergence. Extensive experiments validate the effectiveness of the K-
FISTA method in image deblurring, and we provide theoretical guarantees for its convergence.
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R&H45 3:  Interactions Between Dynamical Systems and Numerical Algorithm Design

ot N B R, TR e A B O AR I R 2« A6 s A S FH 7t 7 o ) 2
R EERFNEAY) 4 SIS SR R DO SR N TR Re . R A BT S AL SR
J71i, C7E Nat.Commun.,SIAM #7%1]. IEEE TPAMI %5 RTS8 ERRFRIBIL S0 Rig. A
W S EREFEAABH . 3R E TSNS wFERE. PEIEE S HERCK.
FHAEHAT] SIAM Journal on Imaging Sciences #iZs, TR 2 MAEHEHEE. HETMAAFN R TIH .

& %5 4% 2 . Numerical algorithms and dynamical systems are closely related, yet are often studied from
different perspectives. In this talk, I explore their interaction in the context of scientific computing and
optimization. First, we consider phase field crystal models, which are typically formulated as gradient flow.
We show how ideas from numerical optimization can be used to design faster algorithms that go beyond
standard gradient flow schemes. Second, we discuss the dynamical systems viewpoint of optimization, where
accelerated methods can be interpreted as discretizations of suitable ODEs, with connections to modern
machine learning architectures.

K& 4: Adversarial Self-Supervised Representation Learning with Theoretical Guarantees

it N R, PR N LR B WS, FENFENEY T BRI A
W EE &R IREENA TR A TAE KR AEEHE SIAM I. Math. Anal..SIAM J.Control Optim.. SIAM
J. Numer. Anal.. SIAM J. Sci. Comput.. SIAM J. Math. Data. Sci.. Appl. Comput. Harmon. Anal.. J. Mach.
Learn. Res.. IEEE Trans.Inf.Theory. Ann. Stat.. J. Amer. Statist. Assoc.. Statist. Sci.. Inverse Probl..
IEEE Trans. Signal Process.. ICML. NeurIPS £ HiF|F148 I

& 45 9% % . Learning transferable data representations from abundant unlabeled data remains a central
challenge in machine learning. Although numerous self-supervised learning methods have been proposed to
address this challenge, a significant class of these approaches aligns the covariance or correlation matrix with
the identity matrix. Despite impressive performance across various downstream tasks, these methods often
suffer from biased sample risk, leading to substantial optimization shifts in mini-batch settings and
complicating theoretical analysis. In this paper, we introduce a novel Adversarial Self-Supervised
Representation Learning (Adv-SSL) for unbiased transfer learning with no additional cost compared to its
biased counterparts. Our approach not only outperforms the existing methods across multiple benchmark
datasets but is also supported by comprehensive end-to-end theoretical guarantees. Our analysis reveals that
the minimax optimization in Adv-SSL encourages representations to form well-separated clusters in the
embedding space, provided there is sufficient upstream unlabeled data. As a result, our method achieves strong
classification performance even with limited downstream labels, shedding new light on few-shot learning.
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Proximal-Based Generative Modeling for Bayesian Inverse Problems
EHE W)IKRE

M E: Score-based diffusion models demonstrate superior performance in generative tasks but encounter
fundamental bottlenecks in inverse problems due to the analytical intractability of the time-dependent
likelihood score. To bridge this gap, we propose a novel proximal-based generative modeling (PGM)
framework that rigorously circumvents explicit likelihood evaluation. Our framework is built upon a
theoretical equivalence between Gaussian convolution in diffusion processes and Moreau-Yosida
regularization in nonsmooth optimization. This enables a new sampling mechanism driven by the proposed
Moreau score, which admits a closed-form expression via proximal operators. Moreover, we introduce Moreau
score matching to learn the proximal operators that rely solely on samples drawn from the prior distribution.
Theoretically, PGM eliminates the early-stopping bias inherent in the score-based diffusion model and
achieves non-asymptotic convergence. Experiments demonstrate that PGM significantly surpasses state-of-

the-art methods in reconstruction quality and sampling time.
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AL, 2018-2020 SEAEFWH SRS GRYID BREED BBt L MNFH IR LEH 5. 2021 A&V
“RIFIJE TR HENATE « FEEF T MR ANR 2 S B LN, 72 E R 4 T
IEEE TAC, TSP Hl Automatica %5 R K 20 K18 RIRNNNBE A2 HE — JmN B —EK
TN B IS G 2245 Rt BRI R T —253% . FRERaREEESm L. FETH,
VUG BRI RS FHFEINE o A T E K E SR TR AR B R B AR 27 e 0 5 T

Z B TR RN AR 5 R TR B IR X BT

JRBRAR T RAEKF
PR ARSI — MR R I ECAHESE, JREET MR 7 AR ST R VR B 1S (BRmS RE
SEHE) » JFRNRT HAE GO S NI o i 75 5 T 00 B e Ak ST, A B RE AR 22 ) et
VERRIR HIAZ OLER, UEBAFE R BEAR S S IBRALSRNG T, REA S AT AR SR KB A Sl A SRR T 4k
WIELER BN 2 R . DLER OV AERY, R S 3mSR Rig itk (SMCO) FikfE N e A
3] e PR EEAR (1 1) R B DU SRS B o VAR L IR AR B 5 ) I SRS IE il B e AR T O
Bl FERT 5 1B ARBRAAT XU 1R SR A SR SR s Ak s BB 0 AT UE B, 1298 REAAR 22 >) BKEh A 55035 T A
IR R L RS E R A, R IR R R R AT R E WS R e Rl . BUESCIRIRIE, X
A R ST I BRI B AAL SE, MER B 0 T RIS . Akl e B 2B 7 B RE R
S AR AR B R i B G T B A A B, R 1R REAR S 2 AT DR AR D B 2R Gt i R B
UL

WEANFI: R R, THRRBERHEIR, HEAESN, NEEREEFFEANSTHIKN TR A £
XCETRL, BT R B GE T 2] o SRR KB, MR E . AR K RIS
M 2 T PNAS, it &5 % 4 WT) JRSSB, AOS, JASA, JOE LK N T2 fe T4 NeurlPS,
ICML, AAAIL %5, fE“S58E MBS R 7 P8 21) o (BERM S SEER R T RY (3
Pakl 5 FR-2E T Python) A (EIERIZEN B FHI 04T 55 5 S#EM -

12



NP0 R P S — LR A
KREFE ALHIMTERE

WE: I E IR OSSR MEERANF . 15 R R SR AE B A, RAEHERT SR 83 77 .
X AR SR A B R HA N KIS RG0SR g 5 A R . BEE 70 TAnid . AR iEs il 5 2
AR AR R, BRI RO T E A NI T TRl &, K 2R E e R v R AR
PR BB ENIERG I ST SCILRE, HAR IR E R E 7 & P E b v B o
50471 . AR Bk ARG o7, WAL S R T, PR S S Rl i v RS
fA[ T K o FRATTHS o WL B A B P 78 1 IR &5 A4 i ] 9838 SR A R 0 e By R, IR AT
R IR IR R GE T R 2R SR AR B Gn e] R BB B P S i i SR 803 1 ) A o

WENEA: K25, LM KSR %, WA SN, KEEH L AT B TR EE 5B,
i TR BB G, KRB AT, om0 i E B SRR L, i EESEOMT
S A, FVEAE 534 07 TR0 B S e A . 2010 SEAR RS A= K 2 B B 2 W [RL B i o0y (Oxford
Center for Collaborative and Applied Mathematics) [E Fr {28225 4, i\ E AR K Andy
Wathen Z04% . 181 IR Ath 15 7225 44 AE W0 B FhiAE 2w VSN R Tl 37 540 TR, 2015 42
2016 FEAEAL RN Y S5 B HCE o NE L R 7T TAE, 2017 4F 1 A % 2020 4 8 A%
EAE BTGRP R EINE T AE. 2020 45 9 A IR X B 2R = 0 78 B 20wt 72
Lo REZI L5 EHNBESTE M LIEH BT A RIFE1ERR, FIIER R L.

T IRE 2] BUE RS TR 4D Var R T EF A
F = FHIMBERE

WE: 4R FL (4DVar) REUER R PR LRITE. 55 izfrd, 4DVar il fE45 &
RIS A BRI B BRI pR R SEEL 2 I Z 000 BRI Rl 5 o R TE AR, k35 R0 R I &
4DVar 535 o I FIRI AR KR ok BRI IR R, AR K B S SRR AR L 58 et A4
TROCAEHERE L VL (PCG) I 5| NTICRE RS 23 R Ge a8, s iz R e bR 5% 8T,
H1F 4DVar 2 GEHEREAE DL AR, AL SEIICAE R AL I8 2 (Ol T R Geil 5 B IREE L, fF4E €)=
BRAE o AR T A1 20— ol 2 Bl SRSl AR B 2 ST SR B 0 5 A3 7V, JFAE Lorenz-96, QG =7
HHIGIE 1 %7 AR SR A RN 38 R 5 A R

WEABA: BF, EEIE RS R BRI T 0t . 2017 SR8 ERAL T b sUR AT e
Bl T JEAEAL ST SR A T rhCo MR I [ 32 e LSS i e AR . H AT RORIE D62 A S A
MRIIR L 2 SJAE R A T SRR B R AR B A ) B

Convergence and Generalization of Weight Averaging: From Theory to Applications
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Learning in Infinite Dimensions via Neural Networks
B E FEBERERY¥

FE: While neural networks are highly effective for finite-dimensional learning tasks, their capacity to learn
from infinite-dimensional functional inputs raises fundamental theoretical questions. This talk examines
functional neural networks, a class of architectures tailored to approximate nonlinear smooth functionals.
Within an empirical risk minimization framework, we establish convergence rates for both approximation and
generalization errors. These results advance the theoretical foundations of functional neural networks and
support their use in functional data analysis.
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Stability of Constrained Optimization Models for Structured Signal Recovery
W H WIETRE
M E: Recovering an unknown but structured signal from its measurements is a challenging problem with
significant applications in fields such as imaging restoration, wireless communications, and signal processing.
In this paper, we consider the inherent problem stems from the prior knowledge about the signal’s structure—
such as sparsity which is critical for signal recovery models. We investigate three constrained optimization
models that effectively address this challenge, each leveraging distinct forms of structural priors to regularize
the solution space. Our theoretical analysis demonstrates that these models exhibit robustness to noise while
maintaining stability with respect to tuning parameters that is a crucial property for practical applications,
when the parameter selection is often nontrivial. By providing theoretical foundations, our work supports their
practical use in scenarios where measurement imperfections and model uncertainties are unavoidable.

Furthermore, under mild conditions, we establish trade-off between the sample complexity and the mismatch

€1ror.

WE NS b, WLE TRFPHFRIE R, WS, LEN A RSB R, BT
WL R &R, R LA (00 e NFERHIEM . BB, EIEiREHER
SURI AL G FRFEREFEANATH, ILEMENSTH, EHxX g/ Eem EmE, 559
WiH%: MR & #FT Appl Comput Harmon A. IEEE T Inform Theory. IEEE T Signal Proces. J Approx
Theory. J Fourier Anal Appl. Comput Aided Geom D. J Complexity Z5#AF], 8 3R“HIIT 07550 2
KT .
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Sparse Nonlinear SDP: Stationarity and Algorithm
FHR EHZEKRFE

& The sparse nonlinear semidefinite programming (SNSDP) problem aims to minimize a smooth objective
function subject to nonlinear positive semidefinite cone constraint and additional sparse constraint. This class
of optimization problem is generally nonconvex, discontinuous, and computationally NP-hard. By virtue of
projection operators onto the positive semidefinite matrix cone and the sparse set, we derive the optimality
conditions for SNSDP based on the newly introduced strong Lagrangian stationary points. According to the
reformulated Lagrangian equation system, an efficient Lagrange semi-smooth Newton-type algorithm with
correction steps (LSNC) is proposed. Furthermore, the local quadratic convergence of the developed method
is established under relatively weak regularity assumptions, including the restricted constraint nondegeneracy
(RCN) and the restricted weak second-order condition (RW-SOC). Preliminary numerical experiments verify
the computational efficiency of the proposed LSNC method. This is a joint work with Hongjie Lin and
Shenglong Zhou.
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AL e R PR R R PR AL S AR A 45 7 T LRI AT, R AR K R AE Nature Machine
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Robust Policy Evaluation for Gradient-based TD Learning with Mirror Descent

BAR RERF

#E . Gradient-based temporal-difference (GTD) learning algorithms have emerged as powerful tools for
policy in modern reinforcement learning, yet they often face challenges in adapting to varying problem
complexities and data characteristics. This paper introduces an innovative adaptive policy evaluation
framework tailored for gradient-based TD learning with mirror descent. Our proposed method for GTD
efficiently handles complex constraints, better captures spatial geometric properties, and demonstrates greater
robustness against noise and disturbances in the rewards. Through theoretical analysis, we establish finite-
sample convergence rates of estimation error over both $i.i.d.$ data and Markov samples, respectively.
Especially, we establish finite-time error bounds of the GTD algorithm with mirror-descent when the rewards
are heavy-tailed, by choosing an appropriate mirror map. This manner is sharply contrast to prior classical
robust techniques based on loss functions and gradient constraint. Several empirical evaluations on a diverse
set of benchmark problems further validate the effectiveness of our method, demonstrating significant
improvements in policy evaluation and robustness compared to existing state-of-the-art algorithms.

WEAEN: BAE, R RFEEER. LA, TR 25 TR R ET. 2011 F59930E&
i NN RS e SR B S P S 5y N2 16 21 B o= 24 VAR 11 Wl (51 a5 3 = P o8 1 s 1B A S s e s A )
KA saib 2 2 ik 5w, PN ARSI E R TERIE T &K . 2022 SE NETL A m RS 1 L
PR EEZARW RN EFRFEZREAREREESTHE 4 T, HENTREMTASERERERE
MBI, T RES 25 N TSI RFEZARL L 20 K, REEBRELKET (Annals
of Statistics) « JMLR. NeurIPS. IJCAI ZEA0g #5413,

Convolution-smoothed outcome weighted learning
FELL  WHLIFTE K

FE: Precision medicine aims to provide personalized healthcare by tailoring treatments to individual patient
characteristics, rendering individualized treatment rule (ITR) estimation a core statistical learning task.
Outcome weighted learning (OWL) has emerged as a powerful framework for learning optimal ITR, where
the hinge loss function is widely used for its favorable statistical properties. However, the non-smooth nature
of the hinge loss function induces computational difficulties, especially in high-dimensional settings. To
address this challenge, this paper develops a unified family of kernel-based OWL algorithms based on
convolution-smoothed hinge loss functions. The proposed smoothing strategy resolves the non-smooth
optimization issue while preserving the statistical optimality of standard OWL. Theoretically, we first establish
two key technical tools: an approximation bound that quantifies the risk discrepancy between the smoothed
loss and the standard hinge loss, and a Bernstein-type variance-expectation inequality centered at the hinge-
optimal decision rule. Building on these bounds, we then derive sharp and near-optimal convergence rates for
the excess value function under both non-adaptive and data-driven adaptive tuning schemes, including partial
and full validation-based hyperparameter selection. Under mild noise conditions, our established rates are
optimal up to logarithmic factors. Empirically, extensive simulation experiments demonstrate that our
smoothed OWL framework substantially improves computational efficiency and stable training performance,
while retaining or even enhancing the treatment value estimation accuracy achieved by the standard hinge loss
OWL.

WENES: FEL, WL RS EC R e e R, LA S, fEE e, Wil &R
FAEERRT RN, WA M AECA 2RI B R K. T 2009 4F 2 A 3RE MR8 226, 2009-
2010 FFAEFHEF ORI LG, 2010 45 3 A NBREITLIYE R #2454 . fF ARS8 8 Gt > #ie
faf# gt . 7£ (Journal of Machine Learning Research) {Journal of Approximation Theory) (Advances
in Computational Mathematics) {Journal of Multivariate Analysis) {Science China Mathematics) %5
WNAMFEARTIY) ERFR LR . EREREZR AR AR e EOH 3 B, FHEEe 1 0. WiilE 8
R F RS 1 T
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GOAT: Guided Outlier-Aware Tensor Robust PCA with Data Augmentation
SCREN IR K

#E: Tensor Robust Principal Component Analysis (TRPCA) aims to recover a low-rank tensor from data
contaminated by outliers. Existing methods typically handle outliers through explicit sparse component
modeling within a joint low-rank and sparse decomposition framework. Motivated by the observation that
outliers provide no useful information for low-rank recovery, we propose Guided Outlier-Aware TRPCA
(GOAT-RPCA), a robust tensor recovery framework based on reliability-guided outlier-aware augmentation.
Instead of explicitly estimating sparse corruptions, GOAT-RPCA constructs an augmented tensor by
integrating observations with low-rank guidance according to their reliability. Through an iterative self-guided
refinement process, robust tensor recovery is reformulated as a sequence of standard Tensor PCA
problems.The proposed iteration admits a smooth optimization formulation with convergence
guarantees.Extensive experiments on video background subtraction, face recovery under varying illumination,
and hyperspectral image denoising demonstrate that GOAT-RPCA consistently achieves superior
reconstruction accuracy and computational efficiency compared with state-of-the-art TRPCA and deep
learning methods.

WENE: AN, WIREITCR R S b R, T, WIRABE SR K,
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B ERBER AR 2021 FREHING HIAR S A,

BB EIRF B3 5 @8R BERER
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Intensity inhomogeneity image segmentation based on tight wavelet frame and variational Bayesian
inference

H B TR

FEE: In this work, we propose a novel two-stage image segmentation method addressing the issue of intensity
inhomogeneities in images. In the first stage, a non-convex variational decomposition model based on a tight
wavelet frame is proposed. The proposed non-convex variational decomposition model is a weighted sum of
three terms: the data fitting term, the non-convex regularization term based on the tight wavelet frame for the
structural component (piecewise constant), and the second-order gradient regularization term for the intensity
component (smooth). The existence of a solution for the proposed decomposition model is established, and
the uniqueness is guaranteed under certain conditions. In the second stage, a thresholding technique is applied
to the piecewise constant component obtained in the first stage to achieve the final image segmentation result.
This two-stage strategy focuses on the structural features of the image during image segmentation, thereby
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mitigating the impact of intensity inhomogeneities. In addition, this paper develops an effective algorithm
based on variational Bayesian inference that simultaneously segments images and selects model parameters,
reducing the burden of manual parameter adjustment. Numerical experimental results demonstrate that the
proposed method not only effectively reduces illumination and shadow interference but also exhibits

significant competitiveness in processing images with intensity inhomogeneities.
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Joint dynamic MRI reconstruction and diffeomorphic registration
B R RNELKF

# E . Undersampling artifacts and physiological motion coupling pose a major obstacle to high-fidelity
dynamic MRI, and traditional separate reconstruction-registration workflows lead to serious error propagation.
This work presents an innovative unified joint framework to simultaneously implement dynamic MRI
reconstruction and diffeomorphic registration. The proposed variational model embeds multiple
complementary constraints and a relaxed Cauchy—Riemann penalty, which fundamentally avoids mesh folding
and preserves the topology of biological tissues. We complete the theoretical proof of model well-posedness
and data stability, and devise a guaranteed-convergence splitting algorithm for fast solving. Targeting noise
overfitting and mutual error compensation between images and deformation fields, two representative neural
parameterization manners (INR and DIP) are adopted to narrow the solution space and optimize optimization
characteristics. Validated on multiple cardiac cine MRI datasets with different undersampling patterns and
acceleration levels, the proposed method achieves superior performance over low-rank sparse methods and
cutting-edge deep learning techniques in image quality, motion continuity and deformation rationality. Notably,
the proposed framework possesses strong adaptability and robustness under extreme undersampling scenarios.

WE N w0 P TRRIZER, M5, WFEE KGR R AL 7 BG5S 7 2]
7, NIE“HIEEHEFERRAA”, EFEFK AR B FFEIHE). #0E B AR e
FEIH, 25EZKE SR TRITE . £ SIAM J. Multiscale Model. Simul.. SIAM J. Imaging Sci.«
Inverse Probl.. ESAIM: Math. Model. Numer. Anal.. Inverse Probl. Imag.. IEEE Transactions on Medical
Imaging. IEEE Trans. Multimedia %5 [E FrAUBU T A& R 18T 30 R . W8 )5 22 B ARy BT
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Dynamical analysis and stochastic extinction probability of a two-stand bark beetle infestation model

with migration
B WHLIMVE K

% B . Bark beetle dispersal and aggregation cause severe damage to coniferous forests and lead to
considerable economic losses. Understanding migration mechanisms is vital for bark beetle risk assessment
and forest ecological management. In this paper, we propose a two-stand heterogeneous bark beetle infestation
model with asymmetric bidirectional migration. We first investigate the deterministic stability and persistence
of the system, and then construct a continuous-time Markov chain model and corresponding stochastic
differential equations. Based on the theoretical framework of multi-type branching processes, we estimate the
extinction probability as well as the mean and variance of the infestation extinction time. Numerical
simulations reveal that asymmetric migration and stand heterogeneity jointly determine infestation persistence,
in which unbalanced inter-stand beetle flux effectively switches the system between endemic and beetle--free
states. The regulatory effect of migration is strictly constrained by the intrinsic risk threshold of each stand.
This work demonstrates the synergistic impacts of asymmetric dispersal and stand heterogeneity on beetle

infestation dynamics, providing theoretical support for forest pest control and ecosystem conservation.

Wi ANES: Vg, WAL R S S =B . EE K AR . BEALR S T R A B
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Debiasing Randomized Numerical Linear Algebra with Random Matrix Theory

BT R

2. Randomized numerical linear algebra (RandNLA) plays a central role in machine learning and scientific
computation through random projection and sampling techniques. However, nonlinear operations such as
matrix inversion and oblique projections introduce a fundamental bias: in general, E[X ']# (E[X])"', and

analogous effects arise in randomized matrix algorithms.

In this talk, I show how this inversion bias naturally appears in common RandNLA methods. Using leave-
one-out techniques from random matrix theory, we precisely characterize the bias induced by nonlinear
transformation of randomized sketches and demonstrate that it can often be corrected with ease. Applications
include improved understanding and/or methods of sub-sampled least squares and sub-sampled Newton

methods.
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Neural Scaling Laws of Transformer in Operator Learning: An Approximation Theory View

KRR FRERF

# B . Neural scaling laws have been empirically observed across a wide range of deep learning tasks.
However, theoretical understanding of these scaling laws, particularly in operator learning, remains quite
limited. This paper aims to investigate the neural scaling laws of Transformers for learning Fréchet
differentiable operators. To this end, we propose a higher-order softmax-based partition of unity (HSPOU)
that not only leverages the derivative information of the target operator but also serves as a tractable
intermediate target for the Transformer to learn. Based on the HSPOU, we design a two-block Transformer
and derive novel approximation error bounds on compact sets K. Notably, our bounds characterize the
complexity of K from two complementary perspectives-finite-dimensional approximation and covering
numbers---offering a more refined description than prior work. Building on these two perspectives, we further
impose various assumptions on $K$ and thereby obtain corresponding model scaling laws and data scaling
laws.

WA KRR, L T AR AR KA R R 2B, (RN SR 2 A i R 2 e o

SRR AR IR . AN R RPN, WA B EE TR AR Gt 2 ST FR FNIR B 2 ST FRS, W CER KR
F JMLR, ACHA VLA JFAA ZEHT).

Learning Functional Transformation Model in Vector-valued RKHS

BB JtREEKRE

#E: Functional transformation model that maps input functions to target functions is a fundamental task in
functional data analysis, with broad applications in signal processing and machine learning. However,
modeling such transformations becomes challenging since both input and output functions take values in
finite-dimensional functional spaces. In this talk, we introduce a learning method of functional transformation
models within the framework of vector-valued reproducing kernel Hilbert spaces(vv-RKHS). We propose a
regularized learning estimator for functional transformation model in vvRKHS, and provide a theoretical
guarantee for its learning capacity. Experiments on both synthetic and real world datasets are conducted to
validate the effectiveness and superiority of the proposed method.

WwENE: BE, EREOERFEA S B In, ALK EREEE, BERIT NG )
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BlockRR: Theory and Algorithms for Blockwise Randomized Response
XGE  EFRERE
FE: In this talk, we introduce a novel block structure and apply it to randomized response-type algorithms,
yielding the BlockRR framework for label differential privacy. Theoretically, we formulate an optimization
problem whose optimal solution corresponds to the BlockRR mechanism. We establish its & -label DP
guarantee and conduct a utility analysis by deriving bounds on the excess risk. Numerical results demonstrate
that our method gets a better balance between test accuracy and the average of per-class accuracy in the high-

and moderate-privacy regimes. In the low-privacy regime, our method reduces to standard RR.
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A Random Integration Algorithm for High-dimensional Function Spaces

TR LR

fE: Weintroduce a novel random integration algorithm that exhibits a high convergence order for functions
characterized by sparse frequencies or rapidly decaying Fourier coefficients. Specifically, for integration in
periodic isotropic Sobolev spaces and isotropic Sobolev spaces with compact support, our approach achieves
a nearly optimal root mean square error (RMSE) bound. In contrast to previous nearly optimal algorithms,
our method exhibits polynomial tractability. Our integration algorithm also enjoys nearly optimal bound for
weighted Sobolev space. By incorporating the trick of change of variable, our algorithm is proven to achieve
the semi-exponential convergence order for the integration of analytic functions, which marks a significant
improvement over the previously obtained super-polynomial convergence order. Furthermore, for integration
involving Wiener-type functions, the sample complexity of our algorithm remains independent of the decay
rate of the Fourier coefficients. This is a joint work with Liang Chen and Mingiang Xu.

BN S, IR LR RA R, LR IRAL o B O AR 2 Fe . S A
A AR BOE T . AR R A A% Weierstrass 18T E B, TR AP 26 St 38, DAL
A E RS P12 . 1E Journal of Machine Learning Research. Applied and Computational Harmonic
Analysis. Mathematics of Computation. Neural Networks. Constructive Approximation. IEEE Transactions
RYNVERRZWFQMETAE, BisimthshiEd 400 k. FRAFBRFEFEREESENNZ TE RN

Derandomized Online-to-Non-convex Conversion for Stochastic Weakly Convex Optimization

R MR A

% 2. This talk studies momentum-based optimization for non-smooth non-convex and weakly-convex
problems, focusing on oracle complexity and derandomization of Online-to-Non-Convex Conversion (O2NC).

O2NC achieves optimal O(S5 '¢™) oracle complexity for Goldstein (J,¢) -stationary points and recovers

SGDM with random update scaling, yet randomization impedes practical use. While deterministic
dimension-free rates are impossible for general non-convex functions, we present a deterministic O2NC
converting periodic online gradient descent into stochastic weakly-convex optimizers, yielding optimal rates
robust to weak-convexity within a feasible range. We further analyze zeroth-order SGDM (ZO-SGDM) under
Lipschitz continuous objectives. Using momentum to reduce gradient-estimator variance, we derive its
order-optimal oracle complexity. Our bounds improve dimension-dependence and offer new theoretical
understanding for momentum optimizers in neural network training.
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SRR B E ML K FE =2 L AR
HoX EERF
FE: Overparameterized neural networks often exhibit a benign overfitting phenomenon, achieving excellent
generalization performance despite having more parameters than training samples. Traditional generalization
analyses typically yield vacuous bounds due to overparameterization. In this talk, we establish non-vacuous
generalization bounds by controlling the Rademacher complexity of overparameterized shallow neural
networks (SNNs), supported by empirical studies involving highly overparameterized SNNs. Our complexity

bounds are fully dependent on the distance from the initialization point and are expressed in terms of the path-

norm of the networks.

WA AR BT RIS L2200 BUER B R R B HER . T 75 17 A AL
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What Makes Looped Transformers Perform Better Than Non-Recursive Ones
i ey N Y 2 N

#E: While looped transformers (termed as Looped-Attn) often outperform standard transformers (termed
as Single-Attn) on complex reasoning tasks, the theoretical basis for this advantage remains underexplored.
In this paper, we explain this phenomenon through the lens of loss landscape geometry, inspired by empirical
observations of their distinct dynamics at both sample and Hessian levels. To formalize this, we extend the
River-Valley landscape model by distinguishing between U-shaped valleys (flat) and V-shaped valleys (steep).
Based on empirical observations, we conjecture that the recursive architecture of Looped-Attn induces a
landscape-level inductive bias towards River-V-Valley. Theoretical derivations based on this inductive bias
guarantee a better loss convergence along the river due to valley hopping, and further encourage learning
about complex patterns compared to the River-U-Valley induced by Single-Attn. Building on this insight, we
propose SHIFT (Staged Hlerarchical Framework for Progressive Training), a staged training framework that
accelerates the training process of Looped-Attn while achieving comparable performances.

Wi ANEA: B, B2 RS SRR B B BB . AR T 1A B LA
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Flexformer: Flexible Linear Transformer with Learnable Attention Kernel
A g HEARKE

8 E . Transformer models rely on attention mechanism to capture long-range dependencies but suffer from
quadratic complexity, limiting their scalability to long sequences. Kernel-based linear attention reduces this
complexity but typically relies on fixed or weakly learnable kernels, restricting expressiveness and
performance. In this work, we propose Flexformer, a flexible linear Transformer that learns attention kernels
in a fully data-driven manner. Flexformer builds on random Fourier feature-based linear attention and treats
spectral frequencies as trainable parameters, enabling the model to learn a broad family of attention kernels.
We develop both stationary and nonstationary variants, with the latter offering strictly greater expressiveness.
Extensive experiments on language modeling and sequence classification demonstrate that Flexformer
consistently outperforms baselines. Moreover, Flexformer can be effectively distilled from pretrained
Transformers to recover softmax attention and exhibits strong kernel transferability across domains, achieving
both high efficiency and competitive performance on long-sequence tasks.
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A Unified View of Generalization, Memorization and Hallucination via Selector-Density CMI
ETT FPFRE

#E: Generalization concerns prediction on unseen examples, memorization concerns retaining training or
factual information, and hallucination arises when generative models assign high confidence to plausible but
false statements. This talk develops a unified selector—-model—output framework based on conditional mutual
information. We interpret conditional mutual information as weighted Jensen—Shannon information about a
hidden selector. Balanced training-sample selectors recover classical information-theoretic generalization
bounds, while sparse truth selectors obtain a directional KL divergence per fact, connecting hallucination to
capacity per fact and rate—distortion theory. We further distinguish sample selectors from factual truth selectors
and introduce shared learnable structure, residual facts, and fact frequency. Our analysis suggests that long-
tail or singleton data do not inherently cause hallucination; the key is how much information about each
residual fact can be acquired from training data and retained by the model. For calibrated factuality scores,
truth-selector mutual information has an exact entropy characterization, separating whether the model knows,
whether it is calibrated, and whether it chooses to answer.

WENEN: IR FSERATERE S ER AR KIS R H0I%, WE% 24 R/E T NikER%
B R REFENA S Bl AL 2N R REFEANS, RS 52T R YA SHIH . o
FEIT )RS o7 S RS . KRR 7 ST B DLRAE Bk o I VA EESUR K RAE N TR e L&
SV AR E BRI 43, Wl NeurIPS. ICML. ICLR %5, i 04 2025 F N RN T8 6
Al LR, HAE ICLR. NeurlPS 5% UK E /% (Area Chair) , % 3RfF ICLR 2026
Outstanding AC Award, NeurIPS 2023, NeurIPS 2024 Top Reviewer Award.

Federated Foundation Models Fine-Tuning with Heterogeneous Compressed Clients

Bl PREKE

% B : Federated learning of foundation models faces a fundamental resource-asymmetry challenge: the
institutions holding the most valuable domain-specific data cannot host billion-parameter models. Existing
heterogeneous federated approaches attempt to bridge this gap through parameter-efficient tuning, model
pruning, or knowledge distillation, yet each trades away a critical property, whether full-model memory
reduction, architectural self-containedness, or representational fidelity, leaving the core tension unresolved.
We propose FedSLM, a parameter-centric framework for federated fine-tuning with heterogeneous
compressed clients. FedSLM uses SVD-based decomposition to produce self-contained client models, whose
low-rank subspaces form nested manifolds that are structurally compatible for aggregation. It then applies a
two-stage protocol that synchronizes lightweight adapters within compression groups and fuses full-rank
reconstructions across groups via structural alignment. Finally, a weak-to-strong elicitation step with auxiliary
confidence loss transfers the aggregated knowledge to the full-scale server, while an explicit bias-variance
trade-off mitigates compression artifacts. We provide theoretical guarantees for adapter-level aggregation,
subspace-alignment bounds for cross-group fusion, and a characterization of how the confidence loss mitigates

weak-supervision noise. Experiments on natural language and vision-language benchmarks show that
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FedSLM outperforms existing federated baselines under both IID and non-IID partitions, while client models
operate at roughly 50% of the GPU memory required by the full model.
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Joint reconstruction and deformation correction in 4D X-ray spectro-tomography

E B BEAREKE
FE: X-ray spectro-tomography is a high-dimensional imaging technique frequently compromised by non-
rigid sample deformations, such as thermal drift or mechanical instabilities, which introduce severe artifacts
and degrade spectral accuracy. We propose a data-driven variational framework that addresses this ill-posed
inverse problem by modeling the object and its motion through implicit neural networks. By representing the
continuously varying attenuation coefficients as a coordinate-based function and the motion as a differentiable
warp field, we transform the traditional grid-based reconstruction into a joint optimization over network
weights. This approach utilizes the physics of the Radon transform as a self-supervised regularizer, providing
a continuous inductive bias that enables high-fidelity, motion-corrected spectral recovery without the need for
external training data.
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Collaborative inference of gene regulatory and cell-cell communication

networks via iterative optimization
BRI T RE K5

ME: Cell-cell communication (CCC) is essential for tissue homeostasis and physiological processes, but
current computational methods for inferring CCC rely heavily on incomplete, species-specific ligand-receptor
(L-R) databases and often scarce spatial information. Moreover, they cannot co-infer gene regulatory networks
(GRNs) with CCC. To address this, we introduce GCIO, a novel data-driven framework that formulates the
simultaneous inference of GRNs and CCC as coupled iterative optimization problems. GCIO employs tailored
regularization and a hard-thresholding strategy to suppress noise and generate sparse, interpretable networks.
Efficiently solved via a conjugate gradient method, it scales to large-scale single-cell and spatial transcriptomic
datasets. Validated on human, mouse, and Arabidopsis data, GCIO outperforms state-of-the-art tools like
CellChat and CellPhoneDB in conciseness and accuracy on scRNA-seq data, and remains highly competitive
against methods such as COMMOT and SpaOTsc on spatial data, without requiring L-R databases or spatial
inputs. In a human macular degeneration case study, GCIO identified macrophages as key disease drivers and
uncovered novel therapeutic targets, demonstrating its robustness and utility in deciphering multicellular
biology and advancing precision medicine.
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