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Introduction

» Large language models (in Chinese)
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LLM

» LLM for Optimization & Optimization for LLM

Problem Model Algorithm Solution Scenario
Description Construction Design Validation Application
A 7.y

@ ——> Problem Solving Steps

~—----> Solution Validation Steps

Lim4fs: Leveraging large language models for feature selection L LM-Driven Reasoning for Constraint-Aware

improve it ) ! ) ) Feature Selection in Industrial Systems

J Li, X Xiu - 2025 China Automation Congress (CAC), 2025 - ieeexplore.ieee.org ) R . o .
) ) " Yuhang Zhou, Zhuokai Zhao, Ke Li, Spilios Evmorfos, Gékalp Demirci, Mingyi Wang, Qiao Liu

Recent advances in large language models (LLMs) have provided new opportunitie wang, Serena Li, Weiwei Li, Tingting Wang, Mingze Gao, Gedi Zhou, Abhishek Kumar, Xiangj

decision-making, particularly in the task of automated feature selection. In this pape Lizhu Zhang, Jiayi Liu

comprehensively evaluate LLM-based feature selection methods, covering the state Meta Al

art DeepSeek-R1, GPT-03-mini, and GPT-4.5. Then, we propose a novel hybrid str:F " e il o e e . e

. . - . . eature selection is a crucial step in large-scale industrial machine learning systems, directl;
called LLM4FS that integrates LLMs with traditional data-driven methods. Specifica ;4] ccuracy, efficiency, and maintainability. Traditional feature selection methods rely «

data samples into LLMs, and directly call traditional data-driven techniques such as data and statistical heuristics, making them difficult to apply in production environments whe
St data are limited and multiple operational constraints must be satisfied. To address this, w
wiRE 9931 WIIARE: 8 AXXE Model Feature Agent (MOFA), a large language model-driven framework that performs &



Optimization
» Xiu-Li-Fan et al, Large Language Models for Operations Research: A Comprehensive
Survey, submitted to JORSC
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Advances
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Ramamonjison-Yu-Li et al, NL4Opt Competition: Formulating Optimization Problems
Based on Their Natural Language Descriptions, NeurlPS, 2022

Yang-Wang-Lu et al, Large Language Models as Optimizers, ICLR, 2024
AhmadiTeshnizi-Gao-Udell, OptiMUS: Scalable Optimization Modeling with (MI)LP
Solvers and Large Language Models, ICML, 2024

Romera-Paredes-Barekatain et al, Mathematical Discoveries from Program Search with
Large Language Models, Nature, 2024

Huang-Tang-Hu et al, ORLM: A Customizable Framework in Training Large Models for
Automated Optimization Modeling, OR, 2025

Liu-Wang-Cai et al, OptiTree: Hierarchical Thoughts Generation with Tree Search for
LLM Optimization Modeling, NeurlPS, 2025

Zeng-Yang-Lei et al, A Universal Framework for Vehicle Routing Problems with Large
Language Models, JORSC, 2026

He-Li-Li et al, ReasFlow: Assisting Reasoning-Centric Scientific Discovery in Applied
Mathematics via a Knowledge-Based Multi-Agent System, arXiv:2607.14178
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Motivation

» Edge-Trinh-Cheng et al, From Local to Global: A GraphRAG Approach to Query-Focused
Summarization arXiv:2404.16130

» Gutiérrez-Shu-Gu et al, HippoRAG: Neurobiologically Inspired Long-Term Memory for
Large Language Models, NeurlPS, 2024

» Guo-Xia-Yu et al, LightRAG: Simple and Fast Retrieval-Augmented Generation, EMNLP,
2025

» Zhu-Huang-Wang et al, Graph-Based Approaches and Functionalities in Retrieval-
Augmented Generation: A Comprehensive Survey, ACM Computing Surveys, 2026
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Example

» Problem Type: Vehicle routing problem (VRP)
» Variant: Capacitated vehicle routing problem (CVRP)

» Description: Design vehicle delivery routes to serve all customers with minimal travel cost under
vehicle capacity constraints

» Math Model: min ZZZCUXUk

keK i€V jeVv
s.t. Z ZX,‘jk =1, Vie C

keK jeVv

> dd xx<Q VkeK

iec  jev

Xijk € {07 1}7 Vi,jeV, keK

» Code Snippet: x = addVars(V, V, K, vtype=GRB.BINARY)
min sum(c[i,j] * x[i,j,k] for i in V for j in V for k in K)
addConstrs(each customer visited once), addConstrs(vehicle capacity limits)

» Typical Error: Missing customer coverage, ignoring vehicle capacity, disconnected subtours

» Fix Hint: Visit each customer once, add capacity constraints, eliminate subtours



Workflow

» GraphRAG-enhanced agentic workflow

Step 1: GraphRAG Construction Step 2: Knowledge Modeling Step 3: Validation Mechanism Step 4: GraphRAG Update
1) Data Collection Natural Language Problem ‘ 1) Consistency Checks |°| —>!{ 1) Data Analysis
Optimization g Solver > S Fix Hint @ Typical Error Y S
Benchmarks =2 Trajectories Semantic Retrieval . - =
— ) P EE —> ﬂ Q 1N @ Objective Verification (&) ﬂ
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Variant L J

2) Knowledge Extraction ﬂ b ﬂ ﬂ ﬂ
Error FI Structure * [ -~ U}
N :
Tc‘:n‘:]itc :;:::g W_ 2) Model Formulation @ ® 3) Node & Edge Update Q

Extraction Distillation = @ Description  min —— Final 3 Times
Math Model = Solution Retrial ﬂ
3) GraphRAG Initialization ﬂ 'a' ﬂ 4) Final GraphRAG
15 Seed Patterns - 3) Program Synthesis 2) Execution Trace

= 48 Patterns
Outputs / Errors / Feedback =2 T = f.
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Experiments

» Compared methods

>

vVvyvVyVvyYVYyy

>

GPT-5.1: 2025-11-13

Gemini-3.1-Pro: 2026-2-19

DeepSeek-V3.2: 2025-12-1

Qwen3.6-Plus: 2026-4-2

CoE: Xiao-Zhang-Wu et al, ICLR, 2024

OptiMUS: AhmadiTeshnizi-Gao-Brunborg et al, ICML, 2024
OptiTree: Liu-Wang-Cai, NeurlPS, 2025

Lean-LLM-OPT: Liang-Lu-Mao et al, arXiv:2601.09635

» Implementation details

4
>

GPT-5.1 for modeling, Gemini-3.1-Pro for validation
Evaluation metrics

N
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Results

» Accuracy comparisons

[ Methods | NL4OPT  IndustyOR  OptiBench  MAMO-E MAMO-C  OptMATH ]
GPT-5.1 72.0%/78.0% 43.0%/51.0% 58.0%/658% 81.6%/85.8% 47.8%/58.1% 27.7%/30.7%
Gemini-3.1-Pro | 73.4%/78.5% 42.0%/50.0% 58.2%/66.0% 821%/86.1% 46.8%/57.1% 27.1%/30.1%
DeepSeek-V3.2 | 72.4%/77.6% 44.0%/50.0% 57.4%/65.1% 81.0%/85.0% 48.3%/57.6% 26.5%/30.1%
Qwen3.6-Plus | 69.6%/74.8% 42.0%/49.0% 55.4%/62.6% 78.0%/81.8% 46.3%/55.7% 27.1%/28.9%
CoE 77.1%/83.6% 51.0%/61.0% 655%/73.2% 93.5%/93.8% 67.0%/70.3% 40.4%/43.4%
OptiMUS 86.0%/93.9% 54.0%/60.0% 63.0%/721% 87.8%/89.0% 52.2%/70.4% 38.5%/41.3%
OptiTree 84.1%/92.5% 64.0%/71.0% 625%/71.9% 90.7%/91.2% 65.4%/72.8% 31.3%/33.7%
Lean-LLM-OPT | 86.5%/94.9% 55.0%/63.0% 61.8%/70.3% 93.8%/94.2% 57.6%/70.0% 44.5%/45.2%
OptGraph (Ours) | 86.9%/95.3% 71.0%/81.0% 66.0%/78.2% 93.9%/94.4% 76.4%/89.2% 58.4%/60.8%
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Ablations

» Are GraphRAG & Validation important?
[ GraphRAG  Validation |  NL4OPT IndustyOR ~ OptiBench MAMO-E MAMO-C OptMATH |
x x 67.8%/925% 47.0%/52.0% 60.8%/67.6% 85.8%/89.1% 52.2%/63.5% 36.1%/41.0%
x v 83.6%/93.9% 52.0%/57.0% 63.0%/69.3% 91.7%/92.8% 54.2%/67.9% 42.2%/44.6%
v x 84.6%/94.4% 66.0%/74.0% 64.5%/74.5% 91.9%/93.0% 68.0%/79.8% 51.8%/54.8%
v v 86.9%/95.3% 71.0%/81.0% 66.0%/78.2% 93.9%/94.4% 76.4%/89.2% 58.4%/60.8%
100 - 100 - 100
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Discussions

» Plug-and-play effects on IndustryOR, MAMO-C, and OptMATH

[Z] Original I With GraphRAG [Z] Original I With GraphRAG [Z] Original B With GraphRAG

25 - 38.6 R 7 :
20- g 20 z % g
0" CoE Opti;\AUS OpllMUS Lcan-LI‘.M-OPT : C(‘)E DpAiMUS Lean-LllM-Ol’T
» Computational costs in average

‘ Methods ‘ Tokens (k) Time (s) AcCexact Accsy
CoE 1.3 79.1 65.8% 70.9%
OptiMUS 15.9 111.1 63.7% 71.1%
OptiTree 4.6 14.3 66.3% 72.2%
Lean-LLM-OPT 15 17.1 66.5% 72.9%
OptGraph (Ours) 9.7 93.9 75.4%  83.2%




Remarks

» How to reduce the computational cost via lightweight RAG?

» How to develop local optimization agents with small parameter scale?

» Shen-Sun-Xiu, UNICO: Unified LLM-Driven Neural Combinatorial Optimization for
Vehicle Routing Problems, CAC, 2026
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LRR

» Liu-Lin-Yan et al, Robust Recovery of Subspace Structures by Low-Rank Representation,
IEEE TPAMI, 2013

min rank(Z) + A[|E]fo min || Z]|. + A[[E[1
Z,E N Z,E
st. X=XZ+E st. X=XZ+E

i o]

» Board applications: clustering, classification, denoising, detection, fusion

» Related to low-rank regularization, low-rank decomposition, low-rank adaptation (LoRA)



Motivation

» Chen-Wang-Xiu et al, Rethinking Low-Rank Representation with Deep Semi-Smooth
Newton, PRCV, 2026

min rank(Z) + Al Ello

r?’ig R(Z) + AS(E)

=
st. X=XZ+E st. X=XZ+E
Methods Datasets Average

AR FRDUE MNIST USPS GLOMA ISOLET MSTAR TDT2 ACC Time

IDR (TKDE'23) 72.64% 95.31% 58.61% 79.80% 66.00% 67.65% 84.50% 84.10% | 76.08% 225.80
TS1-LLRR (KBS'24) | 76.46% 88.64% 49.65% 79.48% 61.60% 65.64% 87.61% 84.51% | 74.20% 265.10
JSSC (ESWA'25) 78.09% 91.31% 46.78% 69.22% 50.00%  66.61% 65.99% 59.37% | 65.92% 358.60
1SC (TPAMI'26) 54.42% 88.19% 44.02% 65.30% 60.00% 81.02% 43.13% 51.75% | 60.98% 118.50
DSC-Net (NeurlPS'17) | 45.19% 82.53% 66.07% 90.00% 70.00% 41.41% 82.53% 12.45% | 61.27% 23.23
PRO-DSC (ICLR'25) 63.75% 96.09% 45.39% 67.60% 59.40% 52.00% 66.41% 88.08% | 67.34%  0.03
DCSSC (Neuro'25) 83.68% 80.46% 87.25% 90.30% 84.00% 86.00% 91.85% 78.35% | 85.24%  0.85
LRRSSN-Net 89.95% 96.02% 93.43% 99.40% 98.00% 97.72%  99.72% 96.40% | 96.33%  0.21

» How to avoid k-means in clustering, i.e., end-to-end clustering?

» What are the advantages of large language models for clustering?




Model

» Incomplete multi-view clustering (IMVC)

v
min R(Z) + AS(E) min > R(Z)+AS(E)
ZE N WEo U
st. X=XZ+E st. Pa(X,) =Pa(X,Z, + E,)

» Denote X, = PQ()?V), E, = PQ(EV), introduce Z, = J,. For the v-th view, it derives

min_ R(J,) + AS(E))

vslvy,Lv

st. X, =X 24, +E, Z,=J,
which has the augmented Lagrangian function

L"B(Jva EV7 ZVa Y17 Y2) - R(JV) + AS(EV) + <Y1) ZV - JV>

+ §||zv —LE+(Ya, X, — X, Z, — E,) + g\\xv - X,Z,— E, ||



Algorithm
» Update variables according to
(JV7 EV7 ZV) — argminJV,Ev,Zv 'E’B(JVa E\/7 ZVa y17 Y2)
Yl — Yl + 6(Zv - Jv)
Y2 — Y2 + ﬂ(Xv - Xva - EV)
» First-order optimality conditions
0€IR(J)—Yi+ 84— 2Z)
0€ XIS(E)) — Yo, — B(X, — X, Z, — E,)
0= Yl + 5(Zv - Jv) - X\;I—YZ - ﬂX\;F(XV - XVZV - EV)
which derives

J, = Proxl/ﬁ’R(Z‘, + Yl//g) E, = PI’OX)\/ﬁ’S(XV - X Z, + Y2/[)))



SSN

» Denote the nonlinear equation
f,(2,) = Y1+ B(Z, — Proxy s r(Z, + Y1/B)) — X, Y2
— BX,) (Xy — X, Z, — Proxy 5 5(Xy — XuZ, + Y2/B))
J
gv(Zv)AZv = _fv(Zv)
Z,+— Z,+nAZ,

» Detailed structure: NS (Newton solver), CB (convolutional block)

X, Y,

2

Vo oy
W jolﬁ%rj | 1 X, 1
ASw z o>—E-S @
v N \: 7 —/



LLM-IMVC

» Overall architecture (to be improved)
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» Contrastive learning =-  end-to-end clustering

» Large language models = adaptive clustering assignments



Experiments

» Implementation details
> Learnable parameters: R(J), S(E), A, S
» Version: DeepSeek-V4
> Metrics: ACC (1)

» Clustering performance

\ Methods | HandWrite  BDGP  MSRC  COIL20 Caltech5V  USPS | Average |
LMVSC (AAAI'20) 67.1%  556% 352% 692%  461%  56.0% | 54.9%
SFHC (TPAMI'22) 757%  37.8% 60.0% 748%  46.8%  98.9% | 65.7%

FPMVS-CAG (TIP'22) | 823%  556% 805% 602%  809%  783% | 73.0%
FDAGF (AAAI'23) 823%  525% 739% 740%  813%  56.1% | 70.0%
RCAGL (TKDE'24) 79.4%  51.8% 77.6% 651%  83.6%  60.9% | 69.7%

ALPC (AAAI'25) 632%  922% 643% 76.4%  461%  50.2% | 65.4%
TLRLF4 (TPAMI25) | 764%  927% -  763%  755%  99.2% | 84.0%
LLM-IMVC 99.9%  100.0% 88.1% 77.2%  100.0%  99.9% | 94.2%

» More numerical results are provided!



Remarks

» What is the connection between learned solvers and true Newton directions?

» More about Transformers
» Yang-Huang-Wipf, Transformers from An Optimization Perspective, NeurlPS, 2022
» Yu-Buchanan-Pai et al, White-box Transformers via Sparse Rate Reduction, NeurlPS, 2023
» Tai-Liu-Li et al, A Mathematical Explanation of Transformers, SIIMS, 2026

Traditional Algorithms Deep Neural Networks
Iterative Optimization Data-Driven Optimization
ADMM Deep PnP M}P
BCD ° CNN
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PAM " seD a5 A
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. RNN Transformer
LISTA ADMM-CSNet D) S
SDPNAL FISTA * *
+
N ° ISTA-Net -+ DeepSN-Net VAE
. 0 . GAN
SSNAL ‘ .
D
PSNP T T T T *  DDPM
* Second-Order Methods | Generative Second-Order Generative Al .
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RL

Cen-Cheng-Chen et al, Fast Global Convergence of Natural Policy Gradient Methods with
Entropy Regularization, OR, 2022

Li-Wei-Chi et al, Softmax Policy Gradient Methods Can Take Exponential Time to
Converge, MP, 2023

Li-Gupta-Yu et al, Approximate Newton Policy Gradient Algorithms, SISC, 2023

Miiller-Cayci-Montuifar, Fisher—Rao Gradient Flows of Linear Programs and State-Action
Natural Policy Gradients, SIOPT, 2025

Zeng-Hong-Garcia, Structural Estimation of Markov Decision Processes in High
Dimensional State Space with Finite-Time Guarantees, OR, 2025

Li-Wu-Lan, Stochastic First-Order Methods for Average-Reward Markov Decision
Processes, MOR, 2025

Li-Lan, Policy Mirror Descent Inherently Explores Action Space, SIOPT, 2025

Ju-Lan, Strongly-Polynomial Time and Validation Analysis of Policy Gradient Methods,
MP, 2026

Ju-Lan, Policy Optimization over General State and Action Spaces, SIOPT, 2026



Motivation

» Wagenmaker-Nakamoto-Zhang et al, Steering Your Diffusion Policy with Latent Space
Reinforcement Learning, CoRL, 2025 (Google citation: 145)

Standard Diffusion Policy Deployment
’ N v '
. A g s’
o ~ N0 ) » Tdp a » Environment —yp.

DSRL: Diffusion Steering via Reinforcement Learning

5y A* v

!
o> Environment S5
1

Latent-Action Environment .

P RL Training} - = === ====---

» How to improve the action representation?

» How to develop a lightweight residual modulation mechanism?



Methodology

» How to improve the action representation?

(Zt7 Ut) ~ 779(' ‘ Ot); fr = Aw(ut)
(3
ar = Gg(oy, zt; fr)

» How to develop a lightweight residual modulation mechanism?

HY) = TORYD: e, k), 8¢ = Aing B()

@

» Latent-space optimization

Lactor (0, w) = Eond,(z,u)~ms(-|0) {Oﬂogﬂé(z | o) — Qiat(O,ﬁ)} + Raux



DLSRL

» Overall architecture (to be improved)

Dual Latent Space Reinforcement Learning (DLSRL)
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Experiments

» Diffusion-denoising policies on RoboMimic
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Experiments

» Flow-matching VLA models on LIBERO

[ —o0— DLSRL —o— DSRL  — — Base Policy
Stove-On CreamCheese-to-Tray Bowl-Drawer-to-Plate WineBottle-to-Rack
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Tasks DLSRL | DSRL | [ Reduction
Stove-On 65.90 + 1.12 88.34 +16.42 25.4%

CreamCheese-to-Tray | 157.20 £5.77 203.44 + 12.58 22.7%
Bowl-Drawer-to-Plate | 97.06 +-0.22  125.80 + 29.18 22.8%
WineBottle-to-Rack 95.96 + 0.65 113.26 £+ 8.97 15.3%

Macro Average 104.03 132.71 21.6%




Remarks

» How to develop fast and robust policy optimization?

> How to choose Ainj by learning approaches?

Success Rate
o
@
3

A =0
A =0.03
= Ay =0.06
mtrm Ainj = 0.09

0 0.5 1.0 15
Environment Timesteps (x10°)

» More experiments on real-world robots!
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Thank you for your attention!

xcxiu@shu.edu.cn
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