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%% : Root mean square propagation (abbreviated as RMSProp) is a first-order stochastic
algorithm used in machine learning widely. In this talk, a stable gradient-adjusted RMSProp
(abbreviated as SGA-RMSProp) with mini-batch stochastic gradient is proposed for the linear
least squares problem. R-linear convergence of the algorithm is established on the consistent
linear least squares problem. The algorithm is also proved to converge R-linearly to a
neighborhood of the minimizer for the inconsistent case, with the region of the neighborhood
being controlled by the batch size. Furthermore, numerical experiments are conducted to
compare the performances of SGA-RMSProp and stochastic gradient descend (abbreviated as
SGD) with different batch sizes. The faster initial convergence rate of SGA-RMSProp is
observed through numerical experiments and an adaptive strategy for switching from

SGA-RMSProp to SGD is proposed, which combines the benefits of these two algorithms.

EFRERN: FERFHRFAFEARR., HIAFF, R RFEFFE, FEXF
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Approximation Algorithm for Unrooted Prize-Collecting Forest

with Multiple Components

KA HILIFEKEF

# % : In this talk, I will introduce our work on a polynomial-time 2approximation
algorithm for the Unrooted Prize-Collecting Forest with K Components (URPCF_K) problem,
which aims to find a forest with exactly K connected components while minimizing the sum
of the forest's weight and the penalties incurred by unspanned vertices. In particular, for K=1,
the URPCF _1 problem is exactly the prize-collecting Steiner tree (PCST) problem, which has
received extensive studies. Unlike the PCST problem, whose unrooted version can be solved
by transforming it into an unrooted version by guessing the root, the unrooted PCF K
problem cannot be readily solved using its rooted analogue, because guessing its roots may
lead to exponential time complexity for non-constant K. To address this challenge, we
propose a rootless growing and rootless pruning algorithm. We also apply this algorithm to
improve the approximation ratio for the Prize-Collecting Min-Sensor Sweep Cover problem

(PCMinSSC) from 8 to 5.
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Computing Competitive Equilibrium for Chores

HXE HEPTIRF

4% : In this talk, we discuss the problem of computing competitive equilibria (CE) in

Fisher markets with chores. First, we present a novel unconstrained difference-of-convex
formulation of the problem, whose stationary points correspond precisely to the CE in Fisher
markets with chores. Then, we show that the new formulation possesses the local error bound
property and the Kurdyka-t.ojasiewicz property with an exponent of 1/2. Consequently, we
present the first algorithm whose iterates provably converge to an exact CE at a linear rate.

This is joint work with He Chen and Chonghe Jiang.
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Purity Law for Neural Routing Problem Solvers

with Enhanced Generalizability

Ak FEMFRAF

i# & : Achieving generalization in neural approaches across different scales and
distributions remains a significant challenge for routing problems. A key obstacle is that
neural networks often fail to learn robust principles for identifying universal patterns and
deriving optimal solutions from diverse instances. In this presentation, we first uncover Purity
Law, a fundamental structural principle for optimal solutions of routing problems, defining
that edge prevalence grows exponentially with the  sparsity of surrounding vertices.
Statistically validated across diverse instances, Purity Law reveals a consistent bias toward
local sparsity in global optima. Building on this insight, we propose Purity Policy
Optimization (PUPO), a novel training paradigm that explicitly aligns characteristics of
neural solutions with Purity Law during the solution construction process to enhance
generalization. Extensive experiments demonstrate that PUPO can be seamlessly integrated
with popular neural solvers, significantly enhancing their generalization performance without

incurring additional computational overhead during inference.
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Assortment Optimization in the Presence of Focal Effect:

Operational Insights and Efficient Algorithms

LR LEWEKRS

#%: In some scenarios, the assortment provided by the seller can influence customers’
evaluation of item utility. A possible consequence is that certain items in an assortment
become “star items” to customers, and customers over-evaluate their utilities. We call such a
phenomenon the focal effect. Kovach and Tserenjigmid (2022) propose a focal Luce model
(FLM) to describe customers’ choices in the presence of the focal effect. FLM is a new
variant of the classic Luce model (also known as the multinomial logit choice model) that
describes the focal effect. The merit of FLM lies in its great flexibility to capture customers’
different psychologies that lead to different choice behaviors. As a result, FLM serves as a
general framework to cover many practical scenarios. On the optimization front, we establish
that the assortment optimization problem under the FLM is NP-hard in general. However, we
still identify some structures of the optimal assortment that lead to useful operational insights.
We find that the assortment optimization can be solved in polynomial time by imposing
assumptions and these assumptions are satisfied in many practical scenarios. This
polynomial-solvability is reserved even for the more complex joint assortment and pricing
optimization problem. In conclusion, FLM strikes a balance between model flexibility and
tractability—the great flexibility of FLM in capturing the focal effect in many scenarios does

not come at a high operational tractability cost.
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A Projected Semismooth Newton Method for Prox-regular Sparse

Optimization Problems

EHSL Ty kF

4% : We are concerned with a class of nonconvex nonsmooth composite optimization
problems, comprising a twice differentiable function and a prox-regular function that induces
sparsity. We establish a sufficient condition for the proximal mapping of a prox-regular
function to be single-valued and locally Lipschitz continuous. By virtue of this property, we
propose a hybrid method of proximal gradient and projected semismooth Newton methods for
solving these composite problems, which is a globalize semismooth Newton method. The
whole sequence is shown to converge to an L-stationary point under a Kurdyka-{\L}ojasiewicz
exponent assumption. Under an additional error bound condition and some other mild
conditions, we prove that the sequence converges to a nonisolated $L$-stationary point at a
superlinear convergence rate. Numerical comparison with several existing second order
methods, including regularized Newton method and SCD semismooth®* Newton method,
reveal that our approach performs comparably well in solving both the Lq(0<q<1) quasi-norm

regularized problem and the fused zero-norms regularized problem.
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Generic Linear Convergence for Algorithms of Non-linear Least

Squares over Smooth Varieties

AL BEEHAHEKF

#% % : In applications, a substantial number of problems can be formulated as non-linear

least squares problems over smooth varieties. Unlike the usual least squares problem over a
Euclidean space, the non-linear least squares problem over a variety can be challenging to
solve and analyze, even if the variety itself is simple. Geometrically, this problem is equivalent
to projecting a point in the ambient Euclidean space onto the image of the given variety under
a non-linear map. It is the singularities of the image that make both the computation and the
analysis difficult. In this talk, we prove that under some mild assumptions, these troublesome
singularities can always be avoided. This enables us to establish a linear convergence rate for
iterative sequences generated by algorithms satisfying some standard assumptions. We apply
our general results to the low-rank partially orthogonal tensor approximation problem. As a
consequence, we obtain the linear convergence rate for a classical APD-ALS method applied

to a generic tensor, without any further assumptions.
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An Approximation Algorithm for Diversity-Aware Fair

K-Supplier Problem

RRR REHEIK¥

4% : We introduce the diversity-aware fair k-supplier problem, which involves selecting
k facilities from a set F that consists of m disjoint groups, subject to a constraint on the
maximum number of facilities selected from each group. The goal is to ensure fairness in the
selection process and avoids any demographic group from over-representation. While the
classical k-supplier problem is known to be NP-hard to solve and is even NP-hard to
approximate within a factor of less than 3, we present an efficient S-approximation algorithm
for the diversity-aware k-supplier problem based on maximum matching based on local

search technique.
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Chance Constrained Conic-Segmentation Support Vector

Machine with Uncertain Data and Distributional Shifts

R BRETFHRKF

4% % : Support vector machines (SVM) is one of the well known supervised machine

learning model. The standard SVM models are dealing with the situation where the exact
values of the data points are known. In this talk, to ensure the small probability of
misclassification for the uncertain data, we consider a chance constrained conic-segmentation
SVM model for multiclass classification. To address the distributional shifts, a stable
conic-segmentation SVM with distributionally robust chance constraints is further proposed.
For both models, the deterministic reformulations are derived, along with its kernelized
counterpart and geometric interpretation. Finally, experimental results are presented to

demonstrate the effectiveness and stability of the proposed conic-segmentation SVM.
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Efficient Proximal Splitting Algorithms for Data-Driven Nonconvex

Learning Optimization Problems with Applications
ZPH ARELEIAXF

4% % : Traditional optimization methods offer strong interpretability and generalizability,
while data-driven deep learning excels at feature extraction. Combining these approaches has
emerged as an effective problem-solving strategy. This talk introduces proximal splitting
algorithms for knowledge-data jointly driven nonconvex optimization, focusing on: (1)
designing efficient algorithms by leveraging deep networks' optimization properties and
traditional acceleration techniques; (2) establishing convergence guarantees through network
analysis and nonconvex optimization theory; and (3) demonstrating effectiveness in

applications like image reconstruction and phase retrieval.
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Quadratic Nonconvex Reformulation: A New Paradigm for

Enhancing Mixed-Integer Quadratic Programming Solvers

%Az jbdh kF

%% : The performance of mixed-integer quadratic programming (MIQP) solvers is often
enhanced using the quadratic convex reformulation techniques. However, the idea of
employing quadratic nonconvex reformulation has not been explored. In this talk, we introduce
a novel framework of quadratic nonconvex reformulation, a counterintuitive but highly
effective approach to improving the performance of MIQP solvers. This method offers great
flexibility, enabling its application to nonconvex quadratic optimization problems involving
both continuous and discrete variables. We propose the first quadratic nonconvex
reformulation for box-constrained nonconvex quadratic optimization problems and standard
quadratic optimization problems with the aim of enhancing the performance of
general-purpose solvers for such problems. Our numerical experiments show that the proposed
method outperforms state-of-the-art solvers on several public test sets of box-constrained
quadratic optimization problems and standard quadratic optimization problems. In addition, we
explore the impact of quadratic nonconvex reformulation on solving binary quadratic
optimization problems and find that the proposed nonconvex reformulation is comparable with
the quadratic convex reformulation in an extended space in improving the performance of

Gurobi.
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Iteration Complexity of Riemannian ADMM

Rk BHHE XS

%% : The Riemannian ADMM has been used to solve nonsmooth optimization problems

on Riemannian manifolds. It was first introduced in 2016 by Kovnatsky, but without a
theoretical convergence analysis. Recent works have established iteration complexity results
by applying Riemannian ADMM to smoothed versions of the original problem. In this talk, we
directly tackle the original nonsmooth problem and propose a simple yet effective modification
to the original Riemannian ADMM by adjusting only the penalty parameter and the update rule

for the dual step size. We prove that our algorithm achieves the optimal iteration complexity.
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An efficient asymptotic DC method for sparse and

low-rank matrix recovery
TS BAFKF

4% & : This paper considers the optimization problem of sparse and low-rank matrix
recovery, which involves a least squares problem with a rank constraint and a cardinality
constraint. To address the challenges posed by these constraints, an asymptotic
difference-of-convex (ADC) method is proposed, which employs a Moreau smoothing
approach and an exact penalty approach to gradually transform this problem into a DC
programming format. To solve the resulting DC programming problem, an efficient inexact DC
algorithm with sieving strategy (siDCA) is introduced, which fully utilizes the DC structure.
The subproblems of siDCA are efficiently solved using a dual-based semismooth Newton
method. The convergence of the solution sequence generated by siDCA is proved. To
demonstrate the effectiveness of the proposed ADC-siDCA method, matrix recovery
experiments on nonnegative and positive semidefinite matrices are conducted. Numerical
results are compared with those obtained using successive DC approximation minimization
method and penalty proximal alternating linearized minimization approach, respectively. The
comparison indicates that ADC-siDCA outperforms the other two methods in terms of
efficiency and recovery error. Additionally, numerical experiments on sparse phase retrieval

illustrate that ADC-siDCA is valuable for recovering sparse and low-rank Hermitian matrices.
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