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Recap: Optimization is everywhere!
Wake up…
Call a Uber (task assignment)
Take public transit (bus/metro planning)

Arrive in lab…
Urgent Task from Boss (calendar scheduling)
Submit to Slurm (job scheduling & resource allocation) 

Return home…
Amazon package (facility location + packing + routing)
Check NeurIPS reviews (paper-reviewer matching)
Check Stock Investment (QCQP)

NP-Hard!!!
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Recap: Optimization Solvers 

Exact Solvers Heuristic Solvers
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Operations Research (OR) 
Human Solvers



Drones

Public transit

Automated 
warehousing

Smart City

Sources of complexity:
1. Scalability 

(millions to billions decision variables)
2. Efficiency 

(low cost, fast service, low latency)
3. Variations 

(new domains emerge, such as AI data 
center, drones, EVs, robot 
coordination, chip design, etc) 

4. Dynamics and Uncertainty 
(hard to model constraints, underlying 
dynamics, long-term behaviors) 

5. …

AI Data center
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Recap: Optimization is getting complex!



MODEL OPTIMIZATION DECISION

OR

Exact Solvers (B&B)
Heuristics (HGS)

What we have so far
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MODEL OPTIMIZATION DECISION

OR
Exact Solvers (B&B)

Heuristics (HGS)

Today’s journey
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End-to-end AI
1. Neural Combinatorial 

Optimization (NCO)

3. LLM and Agentic AI

AI + OR
2. Learning-Guided 
Optimization (LGO)
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By the end of this lecture, you will be able to…
● Recognize the limitations of human solvers and motivations for AI solvers.

● Describe the methodology pipeline and research focus of NCO solves.

● Describe the real-world impact and research focus of LGO solvers.

● Summarize LLM’s different roles for the next-generation decision pipeline.

1950 1960 1970 1980 20301990 2000 2010 2020

Human Solver (1959-now)

End-to-end AI - NCO (2015-now)

AI+OR - LGO (2015-now)

LLM and Agentic AI (2023-now)
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Limitation of 
Human Solvers
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Hope
Step 1: Write down the MILP formulation.
Step 2: Call Solver - model.optimize() ✨

Human solvers are manual
Reality

1. Formulation - Weak formulation = Infinite search tree.
2. Branching Heuristics - Which variable to branch?
3. Primal Heuristics - Guess a good solution for pruning.
4. Cutting Planes - Dynamically add inequalities (cuts) to 

reduce search space

Open Source MILP solvers are full of 
heuristics…

https://www.scipopt.org/ 

https://www.scipopt.org/
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Human solvers do individual optimization

Credits: 
[1] https://www.eia.gov/todayinenergy/detail.php?id=42915&utm_source=chatgpt.com
[2] https://www.boston.com/news/local-news/2022/03/16/traffic-congestion-changed-massachusetts-covid-19/

Why solve similar problems from scratch individually?



Human solver development may be slow

Held–Karp (1962)
(TSP only)

LK Heuristic (1973)
(TSP only)

Clarke–Wright  (1964)
(CVRP)

Tabu Search (1994)

LKH (1998)
(TSP only)

LKH-2 (2006)
(TSP only)

LKH-3 (2017)
(many VRPs)

OR-Tools (2008)
(many VRPs)

TSP solver CVRP Solver

HGS (2020)
(CVRP)Concorde (1997)

(TSP only)
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Human solver development may be slow

Held–Karp (1962)
(TSP only)

LK Heuristic (1973)
(TSP only)

Clarke–Wright  (1964)
(CVRP)

Tabu Search (1994)

Concorde (1997)
(TSP only)

LKH (1998)
(TSP only)

HGS (2020)
(CVRP)

LKH-2 (2006)
(TSP only)

OR-Tools (2008)
(many VRPs)

Learning-to-Optimize

LKH-3 (2017)
(many VRPs)

TSP solver CVRP Solver Learning-to-Optimize Solver
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AI for Optimization!

Problem

Expert

Solution

ML module

● Automate data-driven pattern recognition
● Works for a distribution of instances
● Relatively fast evolution by running 

Reinforcement Learning/LLM 24/7

● Heavy reliance on human knowledge
● Optimize each instances individually
● Relatively slow evolution due to the 

needs of trial and error and manpower

Traditional Solver AI for Optimization
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Neural Combinatorial Optimization (NCO)
(2015 - now) 
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2015 2016 2017 2018 2019 2020 2021 20232022

Vinyals et al. propose the Pointer Networks

AlphaGo defeating world champion Lee Sedol

Attention Is All You Need (Transformer)

Nature: Deep Q-Network (DQN) for Atari Games

Kool et al. propose the Attention Model (AM) for VRPs

The Belief of Super-human Deep Learning

AI Community

NCO Community



Problem
Instance

Solution
Problem  
Instance

Solution

Better 
Solution

Types of the NCO Solvers
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Learning-to-Construct Learning-to-Search
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RL TrainingConstraint HandlingPolicy Network MDP Inference Method

(Transformer)

The Deep Reinforcement Learning pipeline



18

Problem
Instance

Solution

RL Training

Constraint 
Handling

Policy Network 

MDP

Inference 
Method

State: Node coordinate, first visited node, last visited node
Action: Select next node to visit
Reward: Negative total tour length
Horizon: Finite; terminate until all nodes are visited

Transformer (node embedding)

Invalid actions are masked out.

REINFORCE (policy gradient)

Greey, Sampling

Learning-to-Construct
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Problem  
Instance

Solution

Better 
Solution

State: Node coordinate, current solution
Action: A particular 2-opr/swap/insert node pair
Reward: Tour length reduction w.r.t best-so-far solution
Horizon: Infinite; perform given local search steps

Transformer (node embedding) + positional encoding

Invalid actions are masked out.

A2C/PPO (policy gradient with critic network)

Sampling

Learning-to-Search

RL Training

Constraint 
Handling

Policy Network 

MDP

Inference 
Method



20

NCO are keeping evolving rapidly…

CVRP50 CVRP100

Gap Time Gap Time

LKH3 - 7h - 12h

NCO (POMO) 
[NeurIPS 2020] 0.45% 26s 0.32% 2m

PDTSP-LIFO-50 PDTSP-LIFO-100

Gap Time Gap Time

LKH3 - 16m - 67m

NCO (N2S) 
[IJCAI 2022] -0.55% 13m -0.47% 54m

CVRP1k CVRP50k

Gap Time Gap Time

HGS - 2.5m - 8.1h

NCO (SIL) 
[ICLR 2025] 2.72% 1.5m -2.72% 49m

VRPTW1k VRPTW2k

Gap Time Gap Time

HGS - 120s - 240s

NCO (NDS) 
[TMLR 2025] -3.14% 120s -3.50% 240s

Learning to Construct (around 2021) Learning to Construct (around 2025)

Learning to Search (around 2021) Learning to Search (around 2025)

[1] Kwon, Yeong-Dae, et al. "Pomo: Policy optimization with multiple optima for reinforcement learning." Advances in neural information processing systems 33 (2020): 21188-21198.
[2] Luo, Fu, et al. "Boosting neural combinatorial optimization for large-scale vehicle routing problems." The Thirteenth International Conference on Learning Representations. 2025.
[3] Ma, Yining, et al. "Efficient neural neighborhood search for pickup and delivery problems." International Joint Conference on Artificial Intelligence. 2022.
[4] Hottung, André, Paula Wong-Chung, and Kevin Tierney. "Neural deconstruction search for vehicle routing problems." arXiv preprint arXiv:2501.03715 (2025).



21https://github.com/ai4co/rl4co/ 

https://github.com/ai4co/rl4co/
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NCO needs new designs (Network)
Case study: Position encoding from NLP assumes linear sequence

Tom      loves      movies      so      much.

0

2

3

14

The NCO model memorizes the cyclic nature of 
the 1st and 20th nodes, preventing it from 
generalizing to larger graphs of 50 nodes.

0

2

3

14

Gap: 7.93%

Gap: 2.98%

[1] Ma, Yining, et al. "Learning to iteratively solve routing problems with dual-aspect collaborative transformer." Advances in Neural Information Processing Systems 34 (2021): 11096-11107.
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NCO needs new designs (Training)
Case study: Customize RL algorithms for NCO training

Grouped Baseline for Better REINFORCE Curriculum Learning for Better PPO

[1] Kwon, Yeong-Dae, et al. "Pomo: Policy optimization with multiple optima for reinforcement learning." Advances in neural information processing systems 33 (2020): 21188-21198.
[2] Ma, Yining, et al. "Learning to iteratively solve routing problems with dual-aspect collaborative transformer." Advances in Neural Information Processing Systems 34 (2021): 11096-11107.
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NCO needs new designs (MDP)
Case study: Action decomposition for exponentially increasing state/action space

k-opt Factorization - basis moves: Starting move (S-move), Intermediate move (I-move), Ending move (E-move)

S-move
 1. Remove one edge

I-move
1. Add a new edge (starting from the first end-node)
2. Remove the corresponding conflicting edge
3. Reverse the edge directions in between

E-move
 1. Close the loop

[1] Ma, Yining, Zhiguang Cao, and Yeow Meng Chee. "Learning to search feasible and infeasible regions of routing problems with flexible neural k-opt." Advances in Neural Information Processing Systems 36 (2023): 49555-49578.



25[1] Kwon, Yeong-Dae, et al. "Pomo: Policy optimization with multiple optima for reinforcement learning." Advances in neural information processing systems 33 (2020): 21188-21198.
[2] Application-Driven Innovation in Machine Learning. David Rolnick, Alan Aspuru-Guzik, Sara Beery, Bistra Dilkina, Priya L. Donti, Marzyeh Ghassemi, Hannah Kerner, Claire Monteleoni, Esther Rolf, Milind Tambe, Adam White

From “AI for CO” to “CO for AI”!
Grouped Baseline for NCO [POMO, 2020] 

Group Relative Policy Optimization (GRPO) [DeepSeek-AI, 2024]
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NCO is still not mature!
Generalization performance
(reference AM performance: 3.72%)

Robustness to long-tail cases Robustness to distribution-shift

Real-world setups

Black-box decision

Failure cases

[1] Bi, Jieyi, et al. "Learning generalizable models for vehicle routing problems via knowledge distillation." Advances in Neural Information Processing Systems 35 (2022): 31226-31238.
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Learning-Guided Optimization (LGO)
(2015 - now) 
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NCO v.s. LGO

Problem ML module Solution

● Learning neural solver from scratch
● Black box solver - no guarantee
● Excel if no distribution shifts
● Impactful for AI technique developments
● 100% data-driven

Neural Combinatorial Optimization

● Learning to elevate existing solver
● Still retain the guarantee of the OR solver
● Generalize better to distribution shifts
● Impactful for practical industry deployment
● x% data-driven + y% human rules

Learning-Guided Optimization

Problem

NCO models

Solution
OR

Solver
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Connect the dots

Performance 
(speed, gap, 
robustness)

Automatic Manual

Specialized 
human solvers

(e.g., LKH-3, 
Gurobi)

Learning-guided 
solvers

(e.g., L2Seg)

Replace suboptimal 
decisions within a solver; 

Real-world impact

29

End-to-end 
neural solvers 
(e.g. Deep RL)

Develop AI Tools; 
Address NCO 

reliability;
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What to guide:  Subproblem Selection for large scale optimization

LGO Example: Remove Redundant Search

[1] Ouyang, Wenbin, et al. "Learning to segment for vehicle routing problems." ICLR (2026).
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What to guide: Fine-grained Subproblem Selection for long-horizon optimization

LGO Example: Remove Redundant Search

[1] Li, Sirui, et al. "Learning-guided rolling horizon optimization for long-horizon flexible job-shop scheduling." ICLR (2025).

L2Seg:  Spatial Decomposition

This work:  Learn to accelerate Temporal 
Decomposition based optimization
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LGO Example: Remove Myopic Decision

[1] Zheng, Han, et al. "Learning-guided Prioritized Planning for Lifelong Multi-Agent Path Finding in Warehouse Automation." Journal of Artificial Intelligence Research 85 (2026).

https://docs.google.com/file/d/14O44EOtaJKFFZN3jXYHD3UgpGR9kR_kH/preview
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How to LGO?

Decision 1 Decision 2 Decision 3

𝞱

X Y

Find the target ‘Decision 2’ Learn the neural network 
and replace ‘Decision 2’

Analyze the impact after 
replacement

Human

AI

Human
Human
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How to LGO?

Stage 1

RQ1 What are the decisions within the solver?

RQ2 Which decisions are potentially suboptimal?

RQ3 How to formulate the ML task?

RQ4 Is the ML task worth learning?

Stage 2

RQ5 How to collect training data?

RQ6 How to design the Deep Learning pipeline?

RQ7 How to design the Inference method?

Stage 3

RQ8 What has the model learned?

RQ9 Why the learned model outperform?

RQ10 What are the next steps for real-world deployment?



RQ1 - What are the decisions within the solver?

Mechanical
Unit

Mechanical
Unit

Mechanical
Unit

Decision
Unit

Condition

Process

Process

ProcessCondition

Process

Decision
Unit
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Decision
Unit

Decision
Unit

Decision
Unit

Decision
Unit
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Instance X

Problem 
representation

Algorithm
configuration

Hyperparameters Subproblems

Solution Y

Search
(local, population, 

tree, etc.)
Decomposition

A typical discrete optimization solver



RQ2 - Which decisions are potentially suboptimal?
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Decomposition

Poor Feature Extraction ⲫ ● Overly simplistic

Poor Decision Policy π 
● Low expressiveness
● Myopic
● Too-specific

Execution Bottlenecks  Ⲧ ● Cause future computation bottleneck



RQ3 - How to formulate the ML task?

38

Reminder: Action decomposition for exponentially increasing state/action space
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RQ4 - Is the ML task worth learning?

Decision 1 Decision 2 Decision 3

Oracle

X Y

Human

God

Human
Human

Decision 1 Decision 2 Decision 3

Random/
Greedy

X Y

Human

Baseline

Human
Human
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RQ4 - Is the ML task worth learning?
Look-ahead Oracle

● Starting from the decision points
● Oracle computes:

○ Enumerate all possible decisions and observe the consequence
○ Get the best decision

● Execute the Oracle action and discard any time/resources used

You may also inject errors to the Oracle to understand the future learning performance

[1] Ouyang, Wenbin, et al. "Learning to segment for vehicle routing problems." ICLR (2026).
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LLM and Agentic AI
(2023 - now) 
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Towards ChatOpt
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MODEL OPTIMIZATION DECISION

3. LLM and Agentic AI
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https://www.microsoft.com/en-us/research/project/optiguide-genai-for-supply-chain-optimization/

OptiGuide by Microsoft Research 



LLM Models Your Yellowstone Trip



Please assist me in formulating and solving a 
mathematical model for an M-day travel itinerary within 
Yellowstone National Park. I will provide you with the 
instance data:
1. Node IDs: Points of Interest (POIs) + two depot 
locations + Hotels
2. Service Time (at each POI).
3. Travel Distance (simplified using the K-Nearest 
Neighbors approach).
4. Daily Hotel Rate

The itinerary must satisfy the following constraints:
1. each day involves visiting a specific number of POIs 
before returning to the hotel for rest; on subsequent days, 
travel starts from the same hotel;
2. the journey begins by entering through one designated 
depot and concludes by exiting through the other.
3. the total daily travelling time must be less than x hours
The objective is to perform a single-objective optimization 
based on a weighted average of the total travel distance 
(shortest path) and the total cost (lowest price). Please 
provide me with a detailed modeling scheme.

Gemini Prompt Gemini Replies

LLM Models Your Yellowstone Trip



Cursor Prompt (generated by Gemini)

LLM Models Your Yellowstone Trip



[solver] Status: OPTIMAL

========================================================================
  Day 1
========================================================================
  #    Location                        Arrive   Stay  Depart   Drive
  ---- ------------------------------ ------- ------ ------- -------
  1    west_entrance                    0.00h      -   0.00h   0.90h
  2    norris                           0.90h   2.0h   2.90h   0.70h
  3    mammoth                          3.60h   1.8h   5.35h   0.60h
  4    tower_falls                      5.95h   0.8h   6.70h   0.05h
  5    roosevelt_lodge_dining           8.45h   1.5h   9.95h   0.05h
  6    roosevelt_lodge                 10.00h      -  10.00h        

  Day 1 total drive: 2.30h
  Hotel tonight: roosevelt_lodge  ($450.00/night)

========================================================================
  Day 2
========================================================================
  #    Location                        Arrive   Stay  Depart   Drive
  ---- ------------------------------ ------- ------ ------- -------
  1    roosevelt_lodge                  0.00h      -   0.00h   0.65h
  2    yellowstone_canyon               0.65h   3.0h   3.65h   0.55h
  3    mud_volcano                      4.20h   1.0h   5.20h   0.15h
  4    fishing_bridge                   7.15h   0.8h   7.90h   0.70h
  5    west_thumb                       8.60h   1.2h   9.85h   0.15h
  6    grant_village                   10.00h      -  10.00h        

  Day 2 total drive: 2.20h
  Hotel tonight: grant_village  ($640.00/night)

========================================================================
  Day 3
========================================================================
  #    Location                        Arrive   Stay  Depart   Drive
  ---- ------------------------------ ------- ------ ------- -------
  1    grant_village                    0.00h      -   0.00h   0.05h
  2    grant_village_lake_house         0.05h   1.5h   1.55h   0.70h
  3    old_faithful_snow_lodge_dining   2.25h   1.5h   3.75h   0.05h
  4    old_faithful_basin               4.00h   4.0h   8.00h   0.50h
  5    river_downstream                 8.50h   1.0h   9.50h   0.50h
  6    south_entrace                   10.00h      -  10.00h        

  Day 3 total drive: 1.80h

========================================================================
  Summary
========================================================================
  Total travel time  : 6.30h
  Total hotel cost   : $1090.00
  Objective value    : 115.30
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LLM Improves Your Solvers

https://demo.discoveryatscale.com/45



LLM Explains Your Solver Results

https://ntt-dkiku.github.io/xai-vrp/

https://docs.google.com/file/d/19NycAhHY73nSfx_G_hVY1QpIsA_eJp84/preview
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MODEL OPTIMIZATION DECISION

OR
Exact Solvers (B&B)

Heuristics (HGS)

End-to-end AI
1. Neural Combinatorial 

Optimization (NCO)

3. LLM and Agentic AI

AI + OR
2. Learning-Guided 
Optimization (LGO)

Takeaways

1950 1960 1970 1980 20301990 2000 2010 2020

Human Solver (1959-now)

End-to-end AI - NCO (2015-now)

AI+OR - LGO (2015-now)

LLM and Agentic AI (2023-now)



Thank you!!

Dr. Yining Ma (yiningma@mit.edu)
Laboratory for Information & Decision Systems (LIDS)

mailto:yiningma@mit.edu

