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The Chinese Symposium on Machine Learning and Scientific Applications (CSML),
inaugurated in 2022, has established itself as a premier academic platform in the
field. The fourth edition of the symposium (CSML 2026) will be held from August
7-9, 2026, at the Chen Ruiqiu Building, Shanghai Jiao Tong University. The
conference focuses on the following three aspects of machine learning.
Mathematical machine learning: study machine learning from a mathematical
perspective, such as theory and model. Scientific machine learning: the
application of ML to scientific problems and design of ML algorithms inspired by
scientific computing. Industrial machine learning: the application of ML in

industry.
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A1-1 Reproducing kernel Banach spaces with the | p norm for 0<p<1

sRiERE, il KA

2. This paper advances the theory of reproducing kernel Banach spaces (RKBS) by
systematically investigating the general 1 p regularization framework, with a
particular focus on the non-convex regime 0<p<l. While our preceding work
established the foundation for RKBS with the 1 1 norm, the pursuit of stronger
sparsity—closer to the 1 0 pseudo—norm—naturally motivates this exploration into 1 p
quasi—norms. Our primary objective is to construct RKBSs with 1 p norms that admit a
linear representer theorem. We will see that there are fundamental differences
between the three cases 0<p<1, p=1, and p>1. Numerical experiments will also be

presented to compare the accuracy and sparsity of solutions for these three cases.
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A2-2 Safe Alignment of LLMs under Reward Over—Optimization: Mitigating Catastrophic
Goodhart Effect via Rényi Regularization

wAHG, AL AR R

#ZE . This talk addresses the challenge of machine learning generalization under
heavy—tailed distributions, providing a theoretical foundation for the stable
improvement of models such as Reinforcement Learning from Human Feedback (RLHF). We
propose a novel heavy—tailed information—theoretic framework for generalization
bounds. Traditional information—theoretic bounds typically control the
generalization error using KL divergence, which relies on the existence of the
moment generating function (MGF) of the loss or reward, or on sub—Gaussian tail
assumptions. However, in modern machine learning paradigms such as RLHF and
stochastic optimization, losses and rewards often are heavy—tailed, where the MGF
may not exist, rendering KL-based tools ineffective. Even when the KL mutual
information is small, rare extreme events can dominate generalization performance.
We show that under heavy—tailed rewards, KL divergence-based trust regions in RLHF

can suffer from the “Catastrophic Goodhart effect” — where the proxy reward can blow
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up without bound even when the KL constraint is small. In contrast, RLHF with Rényi
regularization effectively controls reward inflation under heavy—tailed sub—Weibull
rewards. Furthermore, for the Best—of-n strategy, we show that Rényi-regularized
alignment provides finite reward guarantees and ensures that best—of-N policies
remain well-controlled. Finally, we successfully apply Rényi regularization to

Direct Preference Optimization (DPO) for LLMs.
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A4-4 Tight Bounds for Logistic Regression with Large Stepsize Gradient Descent in
Low Dimension

X4 %%, George Mason University

#ZE: We consider the optimization problem of minimizing the logistic loss with
gradient descent to train a linear model for binary classification with separable
data. With a budget of T iterations, it was recently shown that an accelerated 1/T 2
rate is possible by choosing a large stepsize eta = Theta(gamma 2 T) (where gamma is
the dataset’s margin) despite the resulting non—monotonicity of the loss. In this
paper, we provide a tighter analysis of gradient descent for this problem when the
data is two—dimensional: we show that GD with a sufficiently large learning rate eta
finds a point with loss smaller than 0(1/(eta gamma 2 T)), as long as T >= Omega (
n/gamma + 1/gamma 2), where n is the dataset size. Our improved rate comes from a
tighter bound on the time tau that it takes for GD to transition from unstable (
non—monotonic loss) to stable (monotonic loss), via a fine—grained analysis of the
oscillatory dynamics of GD in the subspace orthogonal to the max—margin classifier.
We also provide a lower bound of tau matching our upper bound up to logarithmic
factors, showing that our analysis is tight. This work will appear at the Conference

on Learning Theory (COLT) 2026.
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A4-8 Lifting Game Solvers into Language Space

B, TR

#ZE . LLMs are now routinely used as optimizers and search operators, but usually in
an ad hoc, prompt—engineering fashion. This talk proposes a systematic alternative:
lifting classical game solvers into language space, keeping their iterative
structure and equilibrium/fixed-point semantics while binding each numeric primitive
to an LLM-realized, verbalized operator. Part A develops the methodology and
instantiates it as Prompt—PSRO, where an LLM acts as best-response oracle and a
neural equilibrium solver yields a coarse—correlated—equilibrium meta—strategy over
prompt populations. Part B lifts probabilistic inference into Verbalized Belief
Propagation for multi—agent dialogue, with natural-language messages and explicit
message scheduling, evaluated on email scheduling, debate, and fruit—-trading tasks.

Throughout: LLMs provide semantics, solvers provide structure.
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A5-2 On the Nonlinearity of Learning Rate Scaling for LLM Training

s, R

#ZE . Learning—rate transfer can reduce the cost of training large language models:
instead of sweeping learning rates at target scale, practitioners extrapolate from
smaller runs. Existing approaches often assume that the optimal learning rate
follows a log—linear scaling law in data scale and model size. We carefully examine
and evaluate this scaling law. In our empirical study of GPT-2--style models from
22M to 707M parameters trained on 5B to 100B tokens, the optimal learning rate
develops upward curvature at larger scales, leading to inaccurate extrapolation. We

find that this curvature largely disappears when learning rates are replaced by
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effective learning rate (the step size in normalized weight space), and when data D
extrapolation is used instead of model size N extrapolation. Next, we explain
nonlinearity in scaling: weight—norm converges to equilibrium slower when optimal
learning is small, requiring a larger step size to reduce the transient phase.
Experiments with AdamH, which directly controls the effective learning rate, further

support this explanation.
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R KB A S S M, RS SEEL BRI RE D IR EAL TR JRAES
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B2-2 M FlashAttention EIX¥EE Transformer i)IIZk5%k LI
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B2-3 NIEERENTHERIE
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B3-3 Federated Foundation Models Fine-Tuning with Heterogeneous Compressed Clients
B, PR

% . 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 heterogenecous 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 FedSLM
outperforms existing federated baselines under both IID and non—-I1ID partitions,
while client models operate at roughly 50% of the GPU memory required by the full

model.
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W E R TV BB I Sl 7%, 4 Diff-Instructs Score Implicit Matching
, LECEMTATRE M A VSR & 1 2. 122807 008 i B B DU TN 2R BB A (o0 A, A
HAEW NG s/ D RS AR s . BATHABHAZOE L, FRICR,  LLAER A AN 3% 5e B
RS AR A . B8 80004 [ LT 5 4 BB (R Sk g o X AR g T 3R 4 [ B
TGRS ], R GEi) R E AR RS SR T — RS 7 A s . KU AT - T . AT TR
RO ARAEBRI VT IR B AR AR 7707 T B Sopr gt g, e HAE AR i HEBE AR A
A4 JR M 58 T T AT AR T W P P A e o

“%

B4-2 Sampling Acceleration of Diffusion Language Models

R, FHER UK

2. Diffusion language models (DLMs) have emerged as a compelling alternative to
autoregressive (AR) models by enabling parallel, non-sequential token generation.
Despite their strong empirical performance, the theoretical understanding of how
decoding strategies affect sampling efficiency remains limited. In this talk, we
present recent theoretical advances showing that DLM sampling can be substantially
accelerated through decoding strategies. We establish convergence guarantees for
both uniform and confidence-based decoding strategies. In particular, the iteration
complexity depends on information—theoretic quantities that capture the intrinsic
complexity of the target distribution. These results provide a theoretical

foundation for efficient diffusion—based language generation and offer principled
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insights into decoding strategy design.

B4-3 M=) B 3% BB F L RIEF S

BIREA, AT R GRID

E: GPTYEAAIRIIRY], B e ARSI T — token T H #5272 5] Z 2 Bt 0 Aii . HIX—
WARIRE G165 S HA YIS EE, T8 2 S48 (BB A5 FEAEAE I I A4k
Wiy . BUAA AL B [BE AR Je LLE @ B bRS: S B ilttokenizer, HAEGRET A token/ 751 Ll
ZRE AR, SRR Best e R AUR AL R AR i R AL i, (H = FH IR
» FECRIES AR AR Z B R GVERRS, IR EIA SR S . AR E S — A, 3R
R EENC H BB P AL RAE Y 2] . B4E7E tokenizer R 251N H 8114 5656 DA W] 500
PEs WR¥E PP 9 1B R 2% B TR A A B LAUL C e R B0 0 A2 ity s DARGE I 5 AL RT3

token, KZE R K2R 15 SN RAL P ERE, AIMEASE BRI N T A B
AR, BA L, XEBEERAREE 4518 SETHLE B AR R DG, ANAE TR B
SEAE T2 2 5 LR T AL A6 UG B 1) P AL SR A S5 4

B4-4 Provable Sample—-Efficient Transfer Learning Conditional Diffusion Models via
Representation Learning

SR, bR

% While conditional diffusion models have achieved remarkable success in various
applications, they require abundant data to train from scratch, which is often
infeasible in practice. To address this issue, transfer learning has emerged as an
essential paradigm in small data regimes. Despite its empirical success, the
theoretical underpinnings of transfer learning conditional diffusion models remain
unexplored. In this paper, we take the first step towards understanding the sample
efficiency of transfer learning conditional diffusion models through the lens of
representation learning. Inspired by practical training procedures, we assume that
there exists a low—dimensional representation of conditions shared across all tasks.
Our analysis shows that with a well-learned representation from source tasks, the

sample complexity of target tasks can be reduced substantially. Numerical
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experiments are also conducted to verify our results.
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TEE: A B ) 25 1 B AR BT R B TS B AR SIS W SR T R . SR, ARdEAR T
BRI ATAE B TR KRB RE A IR A FE G BN RS S ok FRRER, A
MU A A, 1 2 Vvt ol RV A oy P R L1 e R R M ) R, A T i T RI 4
REMANELE, WIRFVE S PR EHAE &R ERAT . RFBAESE, AR ZHENT 5
[ 6 B $5%1% (Riemannian Random Subspace Gradient Projection, RRSGP) , SEZHL T XA
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MY EVE RGE AN BN Z . ik, ASOEHES TR 2 Hessian MRAFBRX, FHHT]
W S HCT RS A A B . BT, PR AR B AL A () AR (
Riemannian Random Subspace Newton, RRSN) , ZByFNTIY M Mtk ik, BERAKFTN
SRR R AR . BUE SR R R, BT IUE — M L MRS 5%, RRSN
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C1-3 MechMath Agent Team: LLM Driven Agents for Mathematical Research

XRIC, HEBERESE SRR

% . Al reasoning has become a central focus in contemporary artificial
intelligence, largely driven by the success of large language models. However,
mathematical research, which is characterized by non—-linear derivation paths,
rigorous logical requirements, and protracted exploration cycles, poses severe
challenges for existing reasoning systems. To overcome these limitations, we present
the MechMath Agent Team (MMAT), which is a large language model driven agent
designed to serve as a co—pilot throughout the full cycle of mathematical research.
We design a tripartite Harness Architecture that decouples system responsibilities
into Control, Execution, and Augmentation planes, thereby reconciling rigorous
logical control with the agility demanded by open—ended research. Building upon this
framework, we instantiate three specialized agents: a Knowledge Base Manager, a
Natural Language Prover, and a Formal Language Prover, all operating in a closed
loop to produce formally certified mathematical proofs. We evaluate MMAT on open
problems in Number Theory, Algebraic Complexity Theory, Differential Algebra,
Operator Algebra, and Inequalities. Across a two—month deployment, 11 problems have
been solved, demonstrating its capacity to act as a co—pilot throughout the entire
research cycle. The contributions are threefold: a general decoupled Harness
Architecture for multi—-agent mathematical reasoning, its concrete instantiation in

the MMAT system, and empirical validation on a diverse suite of open problems.

C1-4 Automated Algebraic Reasoning in Lean 4

ik, HEBERSE S KGR TR

#ZE . Groebner bases are foundational to symbolic computation, providing systematic
algorithms for solving polynomial systems, deciding ideal membership, and

transforming abstract reasoning about polynomial ideals into effective computation.
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They play a central role in automated algebraic reasoning and computational
algebraic geometry. Despite their importance, efficient and formally verified
polynomial computation in Lean 4 remains challenging due to the cost of large—scale
algebraic operations inside a proof assistant. We present a comprehensive
formalization of Groebner basis theory in Lean 4 together with a hybrid,
certificate-based approach that combines external computation with internal
verification. Computationally intensive tasks such as Groebner basis construction
and polynomial remainder computation are delegated to SageMath, which produces
explicit computational certificates. These certificates are then rigorously verified
within Lean’ s trusted kernel. To enable scalable certification, we develop a
formally verified data structure supporting efficient polynomial identity testing
via kernel reduction. Building on this infrastructure, we implement an automated
Lean tactic that manages the interaction with SageMath and completes the
corresponding proofs without additional user input. The tactic solves a broad class
of algebraic goals, including polynomial remainder certification, Groebner basis

verification, ideal equality, and ideal and radical membership testing.

C1-5 —MEBHFITIEEMN Al Lk
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C2-3 Optimization—based energy splitting methods for 2D discrete dislocation
dynamics

WAre, Uk

#ZE . Dislocation dynamics is formulated as a typically gradient flow problem and
most work solves it as an ordinary differential equation. In this talk, we consider
the dynamics of dislocation as an energy minimization problem and introduce new
methods to speed up the simulation. The nonsingular stress field theory is used to
make sure that the interacting energy between dislocations is finite and
computational, and that the two dimensional discrete dislocation dynamics are solved

by the conjugate gradient method and the Bergman proximal gradient method.

C2-4 N ERESEZREEN: ETHRYIBNHENESRERESE
EJR$, R RS

. FFLRNE% (Heterogeneous Multiscale Method, HMM) J9E& RN B4 BE 5 % 4t
5 7 PR R AR LY, (HAEL Sy T8 )1 (MDD B s Gk S A P B A £ 1 AR
A BRGNP AR BEAY R — P R BT % SR, HERR AR )
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o AT REAE T AR P SR A1 D0 R AR B RN (AL, TOCFlow PAARHERSEZ 51 i THE
A, SKBLT 5 Gauss-Newton BEBTARZ LA — 2k AT =0 m4ERL 2 AE 55 VP T
TOCFlow, %AW NEXRL W E[HSTHH, BATHR . LRI L 2 A
Kolmogorov 1 4a At RIGAE . AEPATIEF, TOCFlow fELRRFS B A pli i & I [R] I
o FLAH R T R LA 5 S B S . AN EITE . FTHRNEIE LA,

G2-6 Quantum Algorithms for Young—Measure Relaxations in Continuum and Atomistic
Models

TR, ARSI K

HZE: We develop quantum algorithms based on sparse Young—measure linear—programming
relaxations for nonconvex continuum and atomistic variational problems that exhibit
fine—scale oscillations, including microstructure formation, vacancy defects, and
chemical disorder. Under suitable assumptions on stability, discretization, and
oracle access, the proposed quantum methods offer a potential advantage for
disorder—averaging problems, such as those arising in random alloys. Numerical

experiments support the validity of the quantum linear—programming framework.

C2-7 INEEMRIAIRERAE D MU S RFER T ERR

P, A ERARAR K

M AL BENIACE RSN RIE SR, B SeDhREATREa] iR 2 7 DU AL 5 o R
REAE B KA 00 5 T R GEWETE o I TERI S IR 5 [V, 323 I HE S AR L 5
BVEREZ A OO, SE s € H AR PITE LI AR T A REE - R AU et $5 A
G R0 AP S S AIVE I A A= R AN U R = R A e 90 ey AL S R D WU AN A ECE
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C2-8 Discrete Mean—-Field Games on Graphs as Finite-Dimensional Initial-Value
Optimization: A Neural Network Method

HAENT, AR R

#Z. In this work, we propose an initial-value formulation of discrete mean field
games on finite graphs (Graph MFG) and design a neural network-based solver. Graph
MFG describes an infinite number of non—cooperative, interacting homogeneous agents
moving between node states via edges to optimize their respective goals. The Nash
equilibrium of a Graph MFG is characterized by a coupled ordinary differential
equation (ODE) system, comprising a forward continuity equation and a backward
Hamilton—Jacobi equation at each node of the graph. We focus primarily on the
potential mean field games (Potential MFG) on finite graphs, which features an
infinite—dimensional constrained optimization structure. We reformulate Potential
MFG as an initial-value, finite—dimensional optimization problem with dynamic
constraints, named Graph MFG-IV. Specifically, the initial condition of the
Hamilton—Jacobi equation is treated as the sole variable, constrained by a system of
coupled Hamilton—Jacobi and continuity equations that serves as an ODE integrator.
This finite-dimensional reformulation avoids time—discretization of
infinite—dimensional paths, and has a much smaller search space than the general

pathwise problem setting.
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C3-1 RN RN 5 FF 2R

Ry /R, BT K

FEEE: BRI IR A R I R B TR 0 A 2 77 B2 (PDED & — TURAT PR ME AR 5% . R I I
W TR I35 T 2 Re A AL B 75y SR AN FRE 1, AR S 48— bR T R AT A s =X 2
S—IDENT, ‘BRENS IR E — MLk it S ELRPE PDE. FRATHKG 45 &M HIE N I EF, 1ERIE
s FE I B R B S PR 7 22, AR (trimming) 32408 (reduction—in-residual)

R R PR A T IR AR . BB SLIR W], S-IDENT RELE ELINA SR 307 V2 B s P e 75 7K TR
AAEZRE: PDE, HACR A5 557 07 A4 4.

C3-2 Enhancing Future Prediction of Linear and Nonlinear Reduced-Order Models for
Transport—-Dominated Problems Using Lagrangian Data

A, BRI

@2 . Designing effective reduced-order models (ROMs) for parametrized
transport—dominated problems remains challenging because of the well-known
Kolmogorov barrier. Autoencoder—based nonlinear ROMs have been developed to improve
the compression ability for such systems. However, despite their stronger
compression ability, autoencoder—based ROMs constructed in the Eulerian frame may
fail to accurately predict future solutions, due to the poor coherence between
historical and future solutions in the Eulerian frame. In contrast, we show that
representing transport—dominated dynamics in the Lagrangian frame can lead to a
significantly faster decay of the Kolmogorov n-width and improve coherence between
historical and future solutions. Building on these insights, we develop two

non—intrusive ROMs leveraging Lagrangian data: a Lagrangian autoencoder—based ROM



LA S SRR R &

and a Lagrangian parametric dynamic mode decomposition. Numerical experiments
demonstrate that these Lagrangian ROMs achieve more accurate and stable future

predictions than their Eulerian counterparts.

C3-3 ET L L% HY ek B BY iR o7 4

B, FEIRZKF

R MM ADGE TR A, HAE 775 ] e 2 B BR4E N I ARZE M s B B . 3141
SEt — MR B R S 0K, Y & NAZ RN < RFE BR B R SR FERe LU 28 T =8 73 2H B
o AN TN SRR S AL BT B S5 R, Rl SRR ISR 125 R Rk

C3—-4 Towards Understanding & Improving Flow Matching

TH, BRHOR

#E. Classifier—free guidance (CFG) is a widely used technique for controllable
generation in diffusion and flow—based models. Despite its empirical success, CFG
relies on a heuristic linear extrapolation that is often sensitive to the guidance
scale. In this work, we provide a principled interpretation of CFG through the lens
of optimization. We demonstrate that the velocity field in flow matching corresponds
to the gradient of a sequence of smoothed distance functions, which guides latent
variables toward the scaled target image set. This perspective reveals that the
standard CFG formulation is an approximation of this gradient, where the prediction
gap, the discrepancy between conditional and unconditional outputs, governs guidance
sensitivity. Leveraging this insight, we reformulate the CFG sampling as a homotopy
optimization with a manifold constraint. This formulation necessitates a manifold
projection step, which we implement via an incremental gradient descent scheme
during sampling. To improve computational efficiency and stability, we further
enhance this iterative process with Anderson Acceleration without requiring
additional model evaluations. Our proposed methods are training—free and

consistently refine generation fidelity and robustness to the guidance scale.
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C4-2 FrMELmADRIAR AR UK B MRIE A PRI R A

PN, [RGERE
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C4-3 #RhiEENE It BIAFIKHE 4R (Con-CDVAE, PODGen)

R, ERL BT AL

FEEE: AORNE R RTE DL B AR PERE LI, B B R TR SR Ik i S5 b, e N LR ReHEBh A
BLR I BB AR . AR5 /4 Con—CDVAE 5 PODGen W Ft 44 A1 A5 BRI B ik, B 553 e ik L oy
REHIE R BARERER] . 2 BRI AR g e A4 Rk v R B A SR P b SRR, RSB 58—
S BRI R AR M R R E M S HARYERE . [RIR LU P RO VETE S Ah s il 7 =0, I R R
T3~ VNGRBAF A BORCR 4 T5 T RS i, R FAE T REATEEANSR Fh R B 2 R 30 1) R T T

C4-4 HESRXEXD TR AT RMZMLEIFETHE

B0, P EBHEEROR K

BE: BET2HitE2NTHEZEAESEIK. RSN QiankunNet-SCT: DL EEIFATH
AT EAS IS RIAE R, JFLLEAER Selected Cl LIS EHGRAS, HIARRKEE
(I B SR AT B SRR . QiankunNet-SCT #E—2B 5| N4 Transformer, fB)
EER IR R R AR RHEAES, AHBOH A Se i 22 M AR T iR =i 20 10 fEnidk
» IRERIUL GG it Rk . XK EkFeSIA R, RERIAMLSAAH LN DVRG JEHE.

QiankunNet-SCT N PERET & LIRS R T AR 0t 1Al et ie.
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C5-1 Shaping Sequence Attractor Schema in Recurrent Neural Networks

SHICTL, iR

W PSR TREARFHRE, RN F SIME S P E N 52 . gl
R B TAE S INGR, RRME R A RO, B L 72U A TE
B TR SRR ATE I, RN IUESS Il g At s, S I T IERR 212 -
HEE AR AL XEBAE S5 PRGN | AP RAL () A5 H A T UART B o ST TR v (R 46 P T 46
iRy, PreE R P AR S| 7SI, Hah AR IS g b A MR AT 55 R A R O 5
TRIENGERTH, RE MM ZAES SRR S] T AW TUiER T —Fk T 5] 7
b, T R RGEE IS R E S AR, VB AR AR S N DR RE P i R AR SRR I T
B

C5-2 T S) A FIMbEIRIRZ AL : LR SR anfa 2855 42 SRAE

BRiE A, R B R S R BEBOR ST O

DA (Cognitive Map) FEKINXTAMEEHE S GO Z I I AR E A BEARALE, 2 30
v IR SE S ORI D RE R BB A . SR, MO AT SUR I, (ORI N R R
NG, N A A RENS B AIY IS KN il s AR R S5 . JR1, SR
XA IR I ARG — A ¥ S A0 P R B SR AL AR R i L S5 A A R 1 S 3RAIE, i S 1Rt
B2 JZ B 2 g B M S NBE AL RPAELEIRE S YT, CASMICALHH R I 3 AN R i Ao e M AN 2 2] B S
o ANFEYIFNZE, N ERRIE X FARAEREZESR . XSGR T MO RE. 1+
FFEAESS HAR R, AR DA R A4 2R 8 2 P A R A BT AR ALE . ARl R AT 2
SMMA R, RGER — S5 I A2 W 28 R A T 2R A R [ o 45 & B E AR S BER
. BATEIL, BUNIBCERIGA . EIREIMZSE LR R R AR S, 825 51 A I 4k
v e HEARRPA RS AL A A IR B, I it BN IS 48 AN S5 AL AR 35 R AL AHEEZ T
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KRR SR, X258 T8 25 5 T2 BB HLAL A B I N RAE . B — 2D R, BEATLER
L EARA SR JENVESE, (H N AEACERAT PR MRS A RAE I BLAT SE 4 [ R e 1k
MEEAESHZALRE ST, REMEFHARANAE 55 Z M2 I GOR A o IR RO R g AN R 15 X AAS [ 47)
PR kN B 2 REPESR AL 14— I EIRHESE, thdon T RGN LR G R4t Il ZRbLE] 5
2 BRI BT R & I UE 4R B (inductive bias) Gnfaf 3 [l ¥ py 0t SR (1 T AR o

C5-3 FM-EXWEIEAI LM E RETTE

AT, AERURE

2. RMKsR K ME B AP EE VU5 T Hs S M 4 45K 53 )AL b I X LepLs], &
OV A 5 N TR SEOUR BERMA SR . AR e T “ N TR BRI RE M X 2% 3
TIEE RN 5 L] A KR A R R B A LA, TEARAR SR e . — T
T, A FHBEARRY . KR 28 S LA 5 D158 OO 58 RT3 15, SRos ik 4645 AL
BIRENE; 53— Jr . SRR i S s AU R R, W R kA 2 e ket
TER N K RN SRR R, R Ry R E K i X 28 A T o A2 At B, dd i R A o [ e v
, AT B S A, SR S N TR RO RE S P R HEA, IR 2
HIBRAR S AR KT

C5-4 Why Neural Codes Drift: Coordinated Dynamics and Replay—Based Continual
Learning

Zlinl, RigagimRE

2. A central paradox in neuroscience is that behavior and memories stay stable
despite representational drift—the continuous reconfiguration of neural population
codes for familiar stimuli. This talk integrates two studies using artificial neural
networks as normative models of drift. First, Hebbian/anti-Hebbian models show that
drift arises from noisy synaptic dynamics within a degenerate solution space:
receptive fields undergo a coordinated random walk that causes single-unit turnover
while preserving population—level representational similarity, recapitulating
observations in hippocampus and posterior parietal cortex. Second, comparing

continual-learning algorithms reveals drift as a signature of weight—free rehearsal
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(replay), whereas weight—anchoring methods like Elastic Weight Consolidation freeze

representations and suppress it. Together, these findings suggest drift is an

observable fingerprint of the brain’s learning strategy—pointing to memory

maintenance through ongoing rehearsal rather than synaptic rigidity, and marking

drift as a structured feature of flexible, continually learning systems.
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C6—1 Guided Flow Matching for Forward and Inverse PDE Problems with Sparse
Observations

AXBE, EAERINYE K

##@Z . Reconstructing partial differential equation (PDE) solutions from sparse
observations remains a core challenge in scientific computing. We present FM4PDE, a
flow—matching generative framework that learns the joint distribution of PDE inputs
(coefficients/initial states) and outputs (solutions/final states), enabling both
forward simulation and inverse recovery in a single unified framework even with
limited paired training data. At inference, sampling is guided by a composite loss
enforcing both measurement agreement and PDE residual minimization, with support for
deterministic, stochastic and hybrid samplers. We provide rigorous theoretical error
guarantees for all sampling paradigms. Experiments on static and time—dependent PDE
benchmarks demonstrate competitive accuracy and significantly faster inference than

diffusion—based models.

C6-2 MMRHUEEMBEI R AN : ERMESUNETFES

R, N BT R

EE: AR D IR AT F T 2 ST R ST AR SR S ST R S ROBEAS AR . o T S8R, 0
AHILHR (constitutive laws) il H 75 E@E AU B LTS3, IREIN 2 36k
TREE R AN S e o FRATT % 18 A B Ok i AR B B AR AE 2RO B, AR i 2 ARk
Wi AR . AN H P T AR (internal variables) HIFIGHE THEZE, WAE
FI TSR IR 52, R 5 I T2 S B R AR DG I3 S AR R B . ZEBRIR 5 TR, 3R
LA Kelvin-Voigt Zi#tEAtkl (viscoelasticity) MIRIAIMLIAIE N, UERH 1 AH M frE
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Mgl e (universal approximation theorem) , FF4AH TN =4 B LA, BT
PR AT 8 FE Gna] B H bR AS B FIA Bl ) 22 (material contrasts) 284k, #)o, REB SR
FmAR¥EM: (crystal plasticity) FUEFE], 1518 A AR & 4EEURFE A & X627 3] SUR 52 .

C6-3 RealPDEBench: ®&EIYIENE S RIMBIBENHEE FEE

RIEFR, VIR

TE: TR B R G R FHE A TR R SRR . RE M TR I, (F I SE3
¥ e ot HAR G, S8R 2 MO R RBUEE B AT I 2R 5500 . FAT13E HiReal PDEBench—&
ANl B S B S O A AL PR R S LA 2 o R, IR RSN BB (70042 2K I IAIZE)
3TUES . 8ANVRAh AR S 10 FRZR AL . SR I, ARG 5 R 2 MAE R E R R
1773 35 TR ECHE 1 TN 5 R B8 R s SR TR TR (v i M S U MG S, IR O T AN A & ST %
FAT% LRI AT Real PDEBenchREMEBN AR HF VA MBI FL,  Inid Fm) R G HADl-
PUSEZE BE J SERRiR g k. FR 3Tk, FATIEFEE/pNeur IPS 2026 RealPDELLZE (https://
realpdecompetition. github. io/), 4FPDE Sim—to—RealfllLong-Term Test-Time Adaptationpy
KFEHE, 210002240, YORARLEX E 40 B 2 ) /8 EIF ROk Az 5.

Co-4 —FMEIES S 5k Hwarm-basisfTiE: RS FEERIG A5

L5, IR

WE. %NS FWERIE (Fluorescence Molecular Tomography, FMT) S&4MESAw5tH 2
i FH I — P AR RN FOC RS BOAR . SR, FMT FEIR B 7 1) At 25 8 b 1 308 s T W 5 35 ki 5
B R S sk i) TE AL 7 92:, AR Geas AR IR A 5y 52 3R O3 W2 e R PR A o W B2 21 O ke
42 e B ARG P52, (L RO R O R PR SO N R, T A SRR S s A AT A LLIRAR . [
g, —ANEREREE : A S 7 i SRS A S S, TR SRS s HLAS R O
Bk fEARSCER, BAMRH T —FHH warm-basis IR 7% (warm-basis iterative
projection method, WB-IPM) , JF@ESL [ HIRIRIEAN. 1%77V2AH L B Al T 2] 7k AL 4
HEATTIE, AR SEIL R E kS R E . MAh, ZINE RV — R SSIER RAL, EAR
BRSO T LS 5 P e IR i t 2 Z2 A T 1) B, AT R BRAR I ZRliAS o FRATTH R 22 20
DA BB ARAYRN L S8 s g L [ B0 1 X LR 5
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C6-5 Flow—based Bayesian filtering for high—-dimensional nonlinear stochastic
dynamical systems

FRRE, FGRY:

2. Bayesian filtering for high—-dimensional nonlinear stochastic dynamical systems
is a fundamental yet challenging problem in many fields of science and engineering.
Existing methods face significant obstacles: Gaussian—based filters struggle with
non—Gaussian distributions, while sequential Monte Carlo methods are computationally
intensive and prone to particle degeneracy in high dimensions. Although generative
models in machine learning have made significant progress in modeling
high—-dimensional non—Gaussian distributions, their inefficiency in online updating
limits their applicability to filtering problems. In this talk, we will present a
flow-based Bayesian filter (FBF) that integrates normalizing flows to construct a
novel latent linear state-space model with Gaussian filtering distributions. This
framework facilitates efficient density estimation and sampling using invertible
transformations provided by normalizing flows, and it enables the construction of
filters in a data—driven manner, without requiring prior knowledge of system
dynamics or observation models. Numerical experiments demonstrate the superior

accuracy and efficiency of the FBF method.
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C7-4 BHRIRFNHI RT3 7%

SN I N2

#E . Crystal structures are key to deeply understanding the various physical and
chemical properties of condensed matter, and they also form the basis for
theoretical materials modeling, simulations and discovery. Theoretical crystal
structure prediction of materials, given only their chemical compositions, is
crucially important. However, this task is extremely challenging as it involves
identifying a vast number of energy minima on the lattice energy surface. In this
report, I will first provide a brief introduction to the CALYPSO structure
prediction method. Following that, I will detail our recent advancements in
accelerating structure prediction through data—driven approaches, such as machine
learning potentials and generative models. Through several benchmark and practical
applications, we demonstrate that data—driven approaches are heralding a new era in

crystal structure prediction.
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C8—1 Prescribed—-Basis Coefficient—to—Coefficient Neural Operator for Partial
Differential Equations

TRH, AR RS

@32 . Operator learning provides a data—driven approach for approximating solution
operators of partial differential equations. A central issue in neural operator
design is the representation of input and output functions. Pointwise
discretizations often lead to mesh—dependent, high—dimensional neural network inputs
and outputs, whereas available data—adaptive reduced bases require aligned snapshots
and potentially expensive basis construction. We propose the Fixed—Basis
Coefficient—to—Coefficient Network (FB-C2CNet) with prescribed bases serving as
function encoder and decoder, a neural operator framework that learns PDE solution
maps in fixed, data—independent approximation spaces. By separating basis selection
from network training, FB-C2CNet avoids both neural basis learning and
snapshot—based basis extraction, reduces the dimension of the trainable map, and
substantially lowers the training cost. Numerical experiments on elliptic, nonlinear
time—dependent, weak—solution, high—dimensional, and inverse Stokes
boundary—-recovery problems show that FB-C2CNet achieves competitive accuracy with
significantly reduced training time, especially for high-resolution and irregularly

sampled data.
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C8-7 Finding Navier—-Stokes equations from Boltzmann equation with the data driven
method

EAEF, ACRTHEREOT T L

#E . Navier-Stokes (NS) equation is one of the most important governing equations
in the macroscopic regime. However, it fails in the transition regime when the
Knudsen number is large. The Boltzmann equation, as one of the most important
governing equations in the mesoscopic regime, is a bridge between the macroscopic
and microscopic perspectives. In this work, a data—driven machine learning method is
proposed to find an extended NS equation from the Boltzmann equation, where an extra
numerical flux of the extended NS equation is learned from the numerical flux of the
Boltzmann equation. Besides, a special neural network is designed to keep Galilean
invariance, and the technique of layer normalization is utilized to reduce the
computational cost. Several numerical examples, including the 1D3V wave and sod
problem, and 2D3V isentropic vortex problem, and Taylor—Green vortex problem, are

studied to validate the efficiency of this new extended NS equation.
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C9-3 The Staircase Phenomenon and its applications in initialization of Neural
Network Training Dynamics

Wk, FUTRHLK

2. Understanding the training dynamics of deep neural networks (DNNs),
particularly how they evolve low—dimensional features from high—dimensional data,
remains a central challenge in deep learning theory. In this work, we introduce the
concept of € -rank, a novel metric quantifying the effective feature of neuron
functions in the terminal hidden layer. Through extensive experiments across diverse
tasks, we observe a universal staircase phenomenon: during training process
implemented by the standard stochastic gradient descent methods, the decline of the
loss function is accompanied by an increase in the ¢ -rank and exhibits a staircase
pattern. Theoretically, we rigorously prove a negative correlation between the loss
lower bound and ¢ -rank, demonstrating that a high ¢ -rank is essential for
significant loss reduction. Moreover, numerical evidences show that within the same
deep neural network, the ¢ -rank of the subsequent hidden layer is higher than that
of the previous hidden layer. Based on these observations, to eliminate the
staircase phenomenon, we propose a novel pre—training strategy on the initial hidden
layer that elevates the ¢ -rank of the terminal hidden layer. Numerical experiments
validate its effectiveness in reducing training time and improving accuracy across
various tasks. Therefore, the newly introduced concept of € -rank is a computable
quantity that serves as an intrinsic effective metric characteristic for deep neural
networks, providing a novel perspective for understanding the training dynamics of
neural networks and offering a theoretical foundation for designing efficient

training strategies in practical applications.
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C10-4 Dictionary learning based regularization in quantitative MRI: A nested
alternating optimization framework

HEL, PR

#ZE . We consider dictionary—learning-based regularization techniques for
quantitative MRI. This is a generalization of the concept of dictionary learning for
nonlinear inverse problems. We realize this concept via a nested optimization scheme

, and show its convergence and convergence rates in an abstract setting.
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