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Introduction

▶ Large language models (in Chinese)

import numpy as np
对于提出的联邦PCA模型，请设计ADMM算法，提供代码，并分析收敛性和复杂度
\begin {equation}label {eq:proposed_method}
\begin {array}{cl}
\displaystyle \min_{\mathbf {W}_i}, {\mathbf {S}i}, Imathbf {V}}\quad &|sum\limits {i=1}^d\big(I (mathbf {I}-\matr
{W}i \mathbf {W}{i}^{T})(\mathbf {X}_i-\mathbf {S}_i) LF^2
&+~lalpha |\mathbf{S}_il_1+\beta |\mathbf{W}il{2,1}\big)[6pt]
\textrm{s.t.}&\mathbf{W}_i=\mathbf{V}, \quad \mathbf{W}i^{T}\mathbf{W}{i}=\mathbf{1}, quad \foralli \in [d],
\end{array}
lend{equation}

联邦鲁棒PCA:ADMM完整设计+Python可运行代码+收敛性分析+计算复杂度

整体框架概述

符号约定

·d:客户端数量；第i方数据Xi∈Rni×P,ni:每方样本数，p:特征维度

·W;∈RP×k:客户端局部投影矩阵，满足 Stiefel正交约束WW�=Ik

·V∈RP×k:全局共享公共投影矩阵(联邦耦合变量)

·Si∈Rni×P:稀疏噪声/异常矩阵，L�正则去除粗差

· W|12,1行稀疏正则，让投影基具备行稀疏性

·α>0:稀疏权重；β>0:行稀疏权重；p>0:ADMM增广拉格朗日惩罚系数

约束：Vi,Wi=V,WW;=I

原目标：

min(w.,s5),-1 |(I-W.W)(x,-S.)�,+alS1i+B1IW.ILz }, s.t.W;=V,WW;=I

一、ADMM算法推导

1.增广拉格朗日函数

引入对偶乘子Ai∈RP×k,增广拉格朗日：

.(w.5.)..(C4)=2[lu-w.WT(x:=5.,。
+(△,W.-V)+2W,-VIl

ADMM 四块交替迭代：

1.客户端并行更新 Si

2.客户端并行求解带Stiefel 约束的W;

3.服务器聚合更新全局V

4.更新对偶变量Ai

2.子问题闭式/数值解

(1)Si更新(逐元素软阈值)

固定其余变量，令Yi=Xi-S�,Pi=I-W;W,幂等投影阵：

mins,||P�(X�-S)1+a|| Si|1
闭式解：

S�=Sa(X�-W�WX�)
软阈值算子：S┐(z)= sign(z)max(|z|-T,0)

python ^

# ===================== 算子工具函数=====================
def soft_threshold(x, tau):
"""L1软阈值"""
return np.sign(x)* np.maximum(np.abs(x)- tau,0.0)

def row_21_prox(W, beta):
"""12,1行近端算子：每行12范数收缩"""
p,k =W.shape
for r in range(p):
norm_r = np.linalg.norm(W[r,:],ord=2)
if norm_r>1e-8:
scale = max(1- beta / norm_r,0.0)
W[r,:]*= scale

return W

def stiefel_retraction(W):
"""SVD回缩至Stiefel流形 W^T W = I"""
U,S,Vt = np.linalg.svd(W,full_matrices=False)
return U @ Vt

def stiefel_pgd(C,V_ref,Lambda,rho, beta,lr=1e-2,inner_it

Stiefel流形近端梯度下降求解W
min-tr(W^T C)+ 0.5*rho||W-(V_ref - Lambda/rho)|I_F^2
|

p,k = C.shape[0],V_ref.shape[1]
W = np.random.randn(p,k)
W = stiefel_retraction(W)
target = V_ref - Lambda / rho

for_ in range(inner_iter):
# 欧氏梯度
grad = -C+ rho *(W- target)
W = W- Lr* grad
# 12,1近端
W = row_21_prox(W, beta*lr)
# 流形回缩正交化
W = stiefel_retraction(W)
return W



LLM

▶ LLM for Optimization & Optimization for LLM

Problem 
Description

Scenario 
Application

Model 
Construction

Algorithm
Design

Solution 
Validation

Solution Validation Steps

Problem Solving Steps

LIm4fs: Leveraging large language models for feature selection
improveit
JLi,XXiu-2025 China Automation Congress(CAC), 2025-ieeexplore.ieee.org
Recent advances in large language models (LLMs) have provided new opportunitie 
decision-making, particularly in the task of automated feature selection. In this pape 
comprehensively evaluate LLM-based feature selection methods, covering the state 
art DeepSeek-R1,GPT-03-mini, and GPT-4.5. Then, we propose a novel hybrid str
called LLM4FS that integrates LLMs with traditional data-driven methods. Specifica
data samples into LLMs, and directly call traditional data-driven techniques such as 

LLM-Driven Reasoning for Constraint-Aware
Feature Selection in Industrial Systems
Yuhang Zhou, Zhuokai Zhao, Ke Li, Spilios Evmorfos, Gokalp Demirci, Mingyi Wang, Qiao Liu
 wang, Serena Li, Weiwei Li,Tingting Wang, Mingze Gao, Gedi Zhou,Abhishek Kumar,Xiang
Lizhu Zhang, Jiayi Liu
 Meta AI
Feature selection is a crucial step in large-scale industrial machine learning systems, directly
model accuracy, efficiency, and maintainability. Traditional feature selection methods rely(
 data and statisstical heuristics, making them difficult to apply in production environments wh
data are limited and multiple operational constraints must be satisfied. To address this,w
Model Feature Agent(MoFA),a large language model-driven framework that performs s☆ 保存 22 引用 被引用次数：8 相关文章



Optimization
▶ Xiu-Li-Fan et al, Large Language Models for Operations Research: A Comprehensive

Survey, submitted to JORSC
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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, NeurIPS, 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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Fig. 1. Observations for automated optimization, where (a) diverse reusable patterns across datasets, (b) recurring formulation errors, (c) unstable effects of
conventional RAG for OptiMUS.

Thought [37], and Graph-of-Thought [38] improve reliability
through structured reasoning. In addition, RAG incorporates
external knowledge, but conventional RAG mainly retrieves
isolated text chunks based on semantic similarity [39]. Graph-
augmented retrieval instead organizes knowledge and its rela-
tionships in graph structures. Graph-based RAG (GraphRAG)
[40], [41], together with systems such as HippoRAG [42] and
LightRAG [43], demonstrates the potential of this paradigm.
This raises a natural question: can graph-augmented retrieval
boost automated optimization modeling by connecting prob-
lem patterns, formulations, code snippets, typical errors, and
repair hints?

Based on the above observations, we develop an adaptive
GraphRAG-based agentic workflow for automated optimiza-
tion, dubbed OptGraph. To the best of our knowledge, this
is the first framework inspired by graph-augmented retrieval
designed for optimization modeling and solving. Compared to
existing prompt-based frameworks such as OptiTree [24], and
Lean-LLM-OPT [25], it achieves superior accuracy. The main
contributions of this paper are as follows:

• We characterize reusable optimization knowledge as a
heterogeneous graph and retrieve structurally connected
knowledge to support formulation and code generation
within the framework.

• We introduce a validation-guided repair mechanism that
evaluates objective consistency, constraint completeness,
and program correctness, and leverages error-aware graph
knowledge to correct failed formulations and implemen-
tations through iterative refinement.

• We design an adaptive graph update that extracts reusable
modeling patterns, typical errors, and repair knowledge
from execution traces and validation feedback, thereby
enabling non-parametric knowledge accumulation across
tasks over time.

The remainder of this paper is organized as follows. Section
II reviews LLM-driven optimization frameworks. Section III
details the proposed OptGraph, covering GraphRAG con-
struction, knowledge modeling, validation mechanism, and
GraphRAG update. Section IV provides experimental results
and ablation studies. Finally, Section V concludes the work
and outlines potential directions.

II. RELATED WORK

This section reviews some LLM-based automated optimiza-
tion and discusses differences from our OptGraph.

A. Learning-Based Methods

As previously mentioned, learning-based methods leverage
optimization-specific data to enable LLMs to automated op-
timization. ORLM [18] trains open-source LLMs on OR-
Instruct and introduces the IndustryOR dataset. OptMATH
[19] constructs optimization modeling data through bidirec-
tional synthesis and filtering. Additionally, LLMOPT [20] em-
ploys instruction tuning, model alignment, and self-correction.
More recently, OR-R1 [21] combines supervised fine-tuning
with execution-based reinforcement learning, while AutoOR
[44] develops a synthetic data generation and reinforcement
learning pipeline to automate the formalization of linear,
mixed-integer, and nonlinear optimization problems. Unlike
these methods, our OptGraph organizes external knowledge
and experience in an adaptive updated graph without modify-
ing the underlying LLM parameters.

B. Prompt-Based Methods

Prompt-based methods are widely used in automated op-
timization. For example, CoE [22] introduces a multi-agent
workflow that combines forward construction with backward
reflection. OptiMUS [23], [33] decomposes long problem
descriptions into objectives and constraints and incorporates
retrieval-augmented generation. OptiTree [24] organizes op-
timization knowledge into hierarchical problem categories,
while MCTS-based Autoformulation [45] searches over can-
didate variables, constraints, and objectives using value esti-
mation and symbolic pruning. Lean-LLM-OPT [25] combines
few-shot prompting, retrieval, and agent collaboration to ad-
dress complex optimization problems. Other studies introduce
validation, debugging, and reusable skills to improve formula-
tion reliability [46], [47]. These methods validate the potential
of pretrained LLMs for automated optimization modeling.
However, most still rely on predefined reasoning procedures,
static knowledge structures, or isolated retrieved examples,
rather than dynamically accumulating and reusing structured
modeling knowledge across tasks.



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
x

∑
k∈K

∑
i∈V

∑
j∈V

cijxijk

s.t.
∑
k∈K

∑
j∈V

xijk = 1, ∀i ∈ C

∑
i∈C

di
∑
j∈V

xijk ≤ Q, ∀k ∈ K

xijk ∈ {0, 1}, ∀i , j ∈ V , k ∈ K

▶ 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
Optimization 
Benchmarks

Solver
Trajectories

Human 
Expertise

15 Seed Patterns
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min
�

  �⊤�
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Code Snippet
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① Objective Verification

Final
Solution

3 Times
Retrial

2) Execution Trace
Outputs / Errors / Feedback

48 Patterns

Fix Hint Typical Error

3) GraphRAG Initialization

2) Experience Extraction

1) Data Analysis

3) Node & Edge Update

4) Final GraphRAG

② Constraint Verification

③ Program Verification

2) Knowledge Extraction
Error 
Mining

Structure 
Parsing

Template
Extraction

Variant

Math Model �. �.  �� ≤ �

Domain 
Literature

Pattern
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Experiments

▶ Compared methods
▶ 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, NeurIPS, 2025
▶ Lean-LLM-OPT: Liang-Lu-Mao et al, arXiv:2601.09635

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

Accexact =
1

N

N∑
i=1

I(ŷi = yi ), Acc5% =
1

N

N∑
i=1

I
(
|ŷi − yi |
|yi |+ η

≤ 0.05

)



Results
▶ Accuracy comparisons

Methods NL4OPT IndustryOR OptiBench MAMO-E MAMO-C OptMATH

GPT-5.1 72.9%/78.0% 43.0%/51.0% 58.0%/65.8% 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% 82.1%/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% 65.5%/73.2% 93.5%/93.8% 67.0%/70.3% 40.4%/43.4%

OptiMUS 86.9%/93.9% 54.0%/60.0% 63.0%/72.1% 87.8%/89.0% 52.2%/70.4% 38.5%/41.3%

OptiTree 84.1%/92.5% 64.0%/71.0% 62.5%/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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TABLE I
ACCURACY COMPARISON OF REPRESENTATIVE STUDIES ON SELECTED DATASETS, WHERE THE BEST AND SECOND-BEST RESULTS

ARE MARKED IN RED AND BLUE, RESPECTIVELY.

Method NL4Opt IndustryOR OptiBench MAMO-E MAMO-C OptMATH Average

GPT-5.1 (2025) 72.9%/78.0% 43.0%/51.0% 58.0%/65.8% 81.6%/85.8% 47.8%/58.1% 27.7%/30.7% 55.2%/61.6%
Gemini-3.1-Pro (2025) 73.4%/78.5% 42.0%/50.0% 58.2%/66.0% 82.1%/86.1% 46.8%/57.1% 27.1%/30.1% 54.9%/61.3%
DeepSeek-V3.2 (2025) 72.4%/77.6% 44.0%/50.0% 57.4%/65.1% 81.0%/85.0% 48.3%/57.6% 26.5%/30.1% 54.9%/60.9%
Qwen3.6-Plus (2025) 69.6%/74.8% 42.0%/49.0% 55.4%/62.6% 78.0%/81.8% 46.3%/55.7% 27.1%/28.9% 53.1%/58.8%

CoE (2025) 77.1%/83.6% 51.0%/61.0% 65.5%/73.2% 93.5%/93.8% 67.0%/70.3% 40.4%/43.4% 65.8%/70.9%
OptiMUS (2025) 86.9%/93.9% 54.0%/60.0% 63.0%/72.1% 87.8%/89.0% 52.2%/70.4% 38.5%/41.3% 63.7%/71.1%
OptiTree (2025) 84.1%/92.5% 64.0%/71.0% 62.5%/71.9% 90.7%/91.2% 65.4%/72.8% 31.3%/33.7% 66.3%/72.2%
Lean-LLM-OPT (2025) 86.5%/94.9% 55.0%/63.0% 61.8%/70.3% 93.8%/94.2% 57.6%/70.0% 44.5%/45.2% 66.5%/72.9%

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% 75.4%/83.2%
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Fig. 4. GraphRAG retrieval analysis across six datasets, where (a) retrieved context volume, (b) retrieved nodes per problem, (c) node-type distribution.

indicating that the generated solutions are not only more
often exact but also more numerically reliable under relaxed
evaluation.

Fig. 4 further explains the retrieval behavior behind these
improvements. As shown in Fig. 4(a), the retrieved context
volume varies across datasets and node types. Larger and more
diverse datasets, such as OptiBench and MAMO-E, require
more retrieved context, while IndustryOR and OptMATH
use relatively compact but still structured retrieval. Fig. 4(b)
shows that the average number of retrieved nodes per problem
remains stable across datasets, suggesting that OptGraph does
not simply increase retrieval size for harder datasets, but
retrieves a compact graph neighborhood for each problem.
Fig. 4(c) shows that the retrieved knowledge is not dominated
by a single node type. Instead, OptGraph jointly retrieves
problem types, variants, descriptions, mathematical models,
code snippets, typical errors, and fix hints.

These results suggest that OptGraph improves automated
optimization modeling by providing reusable graph-structured
knowledge rather than merely improving code execution.
Instead of relying on isolated examples, OptGraph retrieves
connected modeling knowledge, including formulation pat-
terns, code templates, common errors, and fix hints. This
structured retrieval helps the LLM handle complex constraints,
objective interpretation, and model-code repair, which explains
the strong performance gains on IndustryOR, MAMO-C, and
OptMATH.

C. Ablation Study

Table II reports the ablation results of OptGraph, and Fig. 5
further analyzes how the validation mechanism contributes to
the final performance. Removing both GraphRAG and valida-
tion leads to the weakest results across all datasets, showing
that reliable optimization modeling requires both structured
knowledge retrieval and result checking. When GraphRAG
is removed, the system loses access to connected modeling
knowledge, including problem variants, formulation templates,
code snippets, typical errors, and fix hints. This leads to clear
performance drops, especially on IndustryOR, MAMO-C, and
OptMATH, where domain semantics and constraint structures
are more difficult. When validation is removed, performance
also decreases because formulation errors, execution failures,
and answer-extraction mistakes cannot be effectively detected
and repaired. Full OptGraph achieves the best results across all
datasets, confirming that graph-guided retrieval and validation-
based repair are complementary.

Fig. 5(a) shows the proportion of cases that trigger the
validation mechanism. IndustryOR and OptiBench have rel-
atively high trigger rates, indicating that real-world and struc-
turally diverse problems require more frequent checking and
correction. In contrast, MAMO-E has a much lower trigger
rate, which is consistent with its relatively simple and regular
problem structure. Fig. 5(b) and 5(c) report the post-trigger
repair success rates under exact and 5% tolerance evaluation.
The repair module achieves strong recovery on most datasets,
especially under the 5% tolerance criterion. These results show



Ablations

▶ Are GraphRAG & Validation important?

GraphRAG Validation NL4OPT IndustryOR OptiBench MAMO-E MAMO-C OptMATH

× × 67.8%/92.5% 47.0%/52.0% 60.8%/67.6% 85.8%/89.1% 52.2%/63.5% 36.1%/41.0%

× ✓ 83.6%/93.9% 52.0%/57.0% 63.0%/69.3% 91.7%/92.8% 54.2%/67.9% 42.2%/44.6%

✓ × 84.6%/94.4% 66.0%/74.0% 64.5%/74.5% 91.9%/93.0% 68.0%/79.8% 51.8%/54.8%

✓ ✓ 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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TABLE II
ABLATION STUDY OF OPTGRAPH ON SELECTED DATASETS, WHERE THE BEST RESULTS ARE MARKED IN BOLD.

GraphRAG Validation NL4Opt IndustryOR OptiBench MAMO-E MAMO-C OptMATH Average

× × 67.8%/92.5% 47.0%/52.0% 60.8%/67.6% 85.8%/89.1% 52.2%/63.5% 36.1%/41.0% 58.3%/67.6%
× ✓ 83.6%/93.9% 52.0%/57.0% 63.0%/69.3% 91.7%/92.8% 54.2%/67.9% 42.2%/44.6% 64.5%/70.9%
✓ × 84.6%/94.4% 66.0%/74.0% 64.5%/74.5% 91.9%/93.0% 68.0%/79.8% 51.8%/54.8% 71.1%/78.4%
✓ ✓ 86.9%/95.3% 71.0%/81.0% 66.0%/78.2% 93.9%/94.4% 76.4%/89.2% 58.4%/60.8% 75.4%/83.2%
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Fig. 5. Validation trigger rates and post-trigger repair success rates across six datasets, where (a) validation trigger rate, (b) exact repair success rate, (c) 5%
repair success rate.

that validation is not merely an execution filter, but an active
repair mechanism that works together with GraphRAG to
correct formulation-level and code-level errors.

D. Discussions

This section discusses the plug-and-play analysis, limitation
of naive RAG, and computational cost on three complex
datasets, i.e., IndustryOR, MAMO-C, and OptMATH.

1) Plug-and-play Analysis: Fig. 6 evaluates whether
GraphRAG can serve as a plug-and-play module for other
LLM-based optimization modeling frameworks. The same
graph-augmented retrieval mechanism is integrated into CoE,
OptiMUS, and Lean-LLM-OPT, and evaluated on IndustryOR,
MAMO-C, and OptMATH. GraphRAG consistently improves
all three frameworks on these representative datasets. For
example, on IndustryOR, the exact accuracy of CoE, Op-
tiMUS, and Lean-LLM-OPT increases from 51.0%, 54.0%,
and 55.0% to 58.0%, 62.0%, and 64.0%, respectively. Similar
improvements are also observed on MAMO-C and OptMATH.
These results indicate that the benefit of GraphRAG does
not depend on a single workflow design. Instead, graph-
structured modeling knowledge can be incorporated into dif-
ferent prompt-based or agentic optimization modeling systems.

2) Limitation of Naive RAG: Fig. 7 compares the original
workflow with its vector-based RAG variant on the same three
challenging datasets. The results show that simply adding
retrieved examples does not necessarily improve optimization
modeling performance. On all three datasets, Vector RAG
performs worse than the original workflow, decreasing exact
accuracy from 52.0% to 50.0% on IndustryOR, from 54.2% to
52.2% on MAMO-C, and from 42.2% to 40.4% on OptMATH.
In contrast, OptGraph achieves 71.0%, 76.4%, and 58.4% on

these datasets, respectively. This suggests that semantic sim-
ilarity alone may retrieve examples that are textually similar
but not aligned with the underlying modeling logic. Therefore,
retrieval for optimization modeling should not only return
similar text snippets, but also preserve structured relations
among problem patterns, formulations, code implementations,
typical errors, and fix hints.

3) Effect of Validation Rounds: Fig. 8 further analyzes
the effect of the maximum number of validation rounds.
The reported values denote the exact-accuracy gain over the
zero-round setting. Overall, increasing the validation budget
improves performance on most datasets, especially on complex
benchmarks such as MAMO-C and OptMATH. The gains
usually peak at three validation rounds, where IndustryOR,
MAMO-C, and OptMATH obtain improvements of 5.0, 8.4,
and 6.6 percentage points, respectively. When the budget is
further increased to four rounds, the gain does not continue to
increase on most datasets, suggesting that excessive repair may
introduce unnecessary changes or over-correction. Therefore,
we set the default maximum number of validation rounds
to three, which provides a good balance between accuracy
improvement and computational cost.

4) Computational Cost: Table III reports the computational
cost and average accuracy of different frameworks. OptGraph
consumes more tokens than lightweight methods such as
CoE and Lean-LLM-OPT because it retrieves graph-structured
modeling knowledge and performs validation-based repair. Its
average runtime is also higher than OptiTree and Lean-LLM-
OPT. However, OptGraph achieves the highest average exact
accuracy and 5% tolerance accuracy among all compared
methods. Compared with OptiMUS, OptGraph uses fewer
average seconds per problem while achieving substantially
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Fig. 6. Plug-and-play effect of GraphRAG on other LLM-based optimization modeling frameworks across three representative datasets, where (a) IndustryOR,
(b) MAMO-C, and (c) OptMATH.
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higher accuracy. These results show that OptGraph trades
additional retrieval and validation cost for stronger formulation
robustness and solution reliability, making it more suitable for
accuracy-oriented automated optimization modeling.

V. CONCLUSION

This paper proposed a novel graph-augmented agentic work-
flow for automated optimization. Instead of relying on fixed
prompting strategies or isolated retrieved examples, OptGraph
leverages reusable optimization knowledge as a structured
graph that connects problem types, variants, mathematical
models, code snippets, typical errors, and fix hints. Moreover,
the graph is adaptively updated based on execution trajectories

TABLE III
EFFICIENCY AND AVERAGE ACCURACY COMPARISON, WHERE TOKEN

USAGE IS ESTIMATED FROM VISIBLE LOGS, AND THE BEST RESULTS ARE
MARKED IN BOLD.

Method Tokens (k) Time (s) Accexact Acc5%

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 1.5 17.1 66.5 72.9
OptGraph 9.7 93.9 75.4 83.2

and validation feedback. Numerical cases show that OptGraph
achieves competitive or even superior accuracy. These findings
suggest that structured and reusable modeling knowledge is
a promising direction for building more robust LLM-based
optimization systems.

Of course, there are still limitations worth exploring in the
future. First, more efficient graph-augmented frameworks can
be developed to reduce token consumption and shorten infer-
ence time while preserving modeling accuracy [48]. Second, it
is noted that in industrial-scale scenarios involving vast num-
bers of variables and multi-stage stochastic structures, existing
LLM-based methods perform poorly in terms of accuracy and
stability [49]. Third, the generated graph-structured trajectories
facilitate the analysis of how retrieved modeling knowledge
influences problem formulation decisions and can be further
integrated with symbolic verification techniques [50].
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▶ Computational costs in average

Methods Tokens (k) Time (s) Accexact Acc5%

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 1.5 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
Z ,E

rank(Z ) + λ∥E∥0

s.t. X = XZ + E
⇒

min
Z ,E

∥Z∥∗ + λ∥E∥1

s.t. X = XZ + E

```markdown��```.

▶ 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
Z ,E

rank(Z ) + λ∥E∥0

s.t. X = XZ + E
⇒

min
Z ,E

R(Z ) + λS(E )

s.t. 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

ISC (TPAMI’26) 54.42% 88.19% 44.02% 65.30% 60.00% 81.02% 43.13% 51.75% 60.98% 118.50

DSC-Net (NeurIPS’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)

min
Z ,E

R(Z ) + λS(E )

s.t. X = XZ + E
⇒

min
Zv ,Ẽv

V∑
v=1

R(Zv ) + λS(Ẽv )

s.t. PΩ(X̃v ) = PΩ(X̃vZv + Ẽv )

▶ Denote Xv = PΩ(X̃v ), Ev = PΩ(Ẽv ), introduce Zv = Jv . For the v -th view, it derives

min
Jv ,Ev ,Zv

R(Jv ) + λS(Ev )

s.t. Xv = XvZv + Ev , Zv = Jv

which has the augmented Lagrangian function

Lβ(Jv ,Ev ,Zv ,Y1,Y2) = R(Jv ) + λS(Ev ) + ⟨Y1,Zv − Jv ⟩

+
β

2
∥Zv − Jv∥2F + ⟨Y2,Xv − XvZv − Ev ⟩+

β

2
∥Xv − XvZv − Ev∥2F



Algorithm
▶ Update variables according to

(Jv ,Ev ,Zv )← argminJv ,Ev ,Zv Lβ(Jv ,Ev ,Zv ,Y1,Y2)

Y1 ← Y1 + β(Zv − Jv )

Y2 ← Y2 + β(Xv − XvZv − Ev )

▶ First-order optimality conditions
0 ∈ ∂R(Jv )− Y1 + β(Jv − Zv )

0 ∈ λ∂S(Ev )− Y2 − β(Xv − XvZv − Ev )

0 = Y1 + β(Zv − Jv )− X⊤
v Y2 − βX⊤

v (Xv − XvZv − Ev )

which derives

Jv = Prox1/β,R(Zv + Y1/β), Ev = Proxλ/β,S(Xv − XvZv + Y2/β)



SSN

▶ Denote the nonlinear equation

fv (Zv ) = Y1 + β
(
Zv − Prox1/β,R(Zv + Y1/β)

)
− X⊤

v Y2

− βX⊤
v

(
Xv − XvZv − Proxλ/β,S(Xv − XvZv + Y2/β)

)
⇓{

gv (Zv )∆Zv = −fv (Zv )

Zv ← Zv + η∆Zv

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

Function  Solver

CBk -1Z

X
β

k-1
2Y

CB

β

β TX k-1
2Y

T k-1
2X Y

k -1F(Z )

X

β

k-1
1Y

1Y Y2

f v(Zv)
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C
on
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LLM-IMVC

▶ Overall architecture (to be improved)

Raw Features Similarity Matrix Cluster Assignments

LLM-IMVC

⋮

X¹

X²

Xᵛ

⋮
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⋮

Spectral 
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Contrastive
Training

Negative Pair
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P²

Pᵛ

⋮

P

LLM Fusion

LRRNet

LRRNet

LRRNet

Assess each view's 
reliability and fuse 
clustering assignments.

▶ Contrastive learning ⇒ end-to-end clustering

▶ Large language models ⇒ adaptive clustering assignments



Experiments

▶ Implementation details
▶ Learnable parameters: R(J), S(E ), λ, β
▶ Version: DeepSeek-V4
▶ Metrics: ACC (↑)

▶ Clustering performance

Methods HandWrite BDGP MSRC COIL20 Caltech5V USPS Average

LMVSC (AAAI’20) 67.1% 55.6% 35.2% 69.2% 46.1% 56.0% 54.9%

SFMC (TPAMI’22) 75.7% 37.8% 60.0% 74.8% 46.8% 98.9% 65.7%

FPMVS-CAG (TIP’22) 82.3% 55.6% 80.5% 60.2% 80.9% 78.3% 73.0%

FDAGF (AAAI’23) 82.3% 52.5% 73.9% 74.0% 81.3% 56.1% 70.0%

RCAGL (TKDE’24) 79.4% 51.8% 77.6% 65.1% 83.6% 60.9% 69.7%

ALPC (AAAI’25) 63.2% 92.2% 64.3% 76.4% 46.1% 50.2% 65.4%

TLRLF4 (TPAMI’25) 76.4% 92.7% – 76.3% 75.5% 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, NeurIPS, 2022
▶ Yu-Buchanan-Pai et al, White-box Transformers via Sparse Rate Reduction, NeurIPS, 2023
▶ Tai-Liu-Li et al, A Mathematical Explanation of Transformers, SIIMS, 2026

Traditional Algorithms Deep Neural Networks
lterative Optimization Data-Driven Optimization
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PAM SGD GNN DQN

ISTA Deep Unrolling
RNN Transformer

LISTA ADMM-CSNet
FISTASDPNAL+ ISTA-Net ⋯ DeepSN-Net VAE

GAN
SSNAL
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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

▶ Müller-Cayci-Montúfar, 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)

▶ How to improve the action representation?

▶ How to develop a lightweight residual modulation mechanism?



Methodology

▶ How to improve the action representation?

(zt , ut) ∼ πθ(· | ot), ft = Aω(ut)

⇓

at = Gϕ(ot , zt ; ft)

▶ How to develop a lightweight residual modulation mechanism?

H
(l)
t,κ = T (l)

ϕ (H̃
(l−1)
t,κ ; et , κ), δt = λinj B(ft)

⇓

H̃
(l)
t,κ = H

(l)
t,κ + δt

▶ Latent-space optimization

Lactor(θ, ω) = Eo∼D,(z,u)∼πθ(·|o)
[
α log πz

θ(z | o)− Q lat
ν (o, ξ)

]
+Raux



DLSRL

▶ Overall architecture (to be improved)



Experiments

▶ Diffusion-denoising policies on RoboMimic
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Experiments

▶ Flow-matching VLA models on LIBERO
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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 λinj by learning approaches?

▶ More experiments on real-world robots!
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Future Work
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Chinese), submitted to Acta Automatica Sinica

视觉
编码器

“夹取桌子上的目标物
体放到碗里”

语言指令输入 语言
编码器

…

第 N-1层

第 N层

…

第 2层

第 1层

本体状态信息

视觉观测输入

多模态输入 骨干网络
多层感知机式

扩散/流匹配

生成式

自回归式

自回归式

动作生成

Thank you for your attention!

xcxiu@shu.edu.cn


	Introduction
	Modeling Optimization
	Low-Rank Optimization
	Policy Optimization
	Conclusion

