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

Return home...

Amazon package (facility location + packing + routing)
Check NeurlPS reviews (paper-reviewer matching)
Check Stock Investment (QCQP)



Recap: Optimization Solvers
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Recap: Optimization is getting complex!

Sources of complexity:

1.

Scalability

(millions to billions decision variables)
Efficiency

(low cost, fast service, low latency)
Variations

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

Dynamics and Uncertainty

(hard to model constraints, underlying
dynamics, long-term behaviors)

Smart City

Automated

| warehousing

Public transit



What we have so far
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Today’s journey
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2. Learning-Guided
Optimization (LGO)
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3. LLM and Agentic Al



By the end of this lecture, you will be able to...

e Recognize the limitations of human solvers and motivations for Al solvers.
e Describe the methodology pipeline and research focus of NCO solves.
e Describe the real-world impact and research focus of LGO solvers.

e Summarize LLM’s different roles for the next-generation decision pipeline.
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1950 1960 1970 1980 1990 2000 2010 2020 2030

Human Solver (1959-now)

I

End-to-end Al - NCO (2015-now)
I

AI+OR - LGO (2015-now)

L
LLM and Agentic Al (2023-now)



Limitation of
Human Solvers




Human solvers are manual

Hope Reality
Step 1: Write down the MILP formulation. 1
Step 2: Call Solver - model.optimize()

. Formulation - Weak formulation = Infinite search tree.
2. Branching Heuristics - Which variable to branch?

3.

4. Cutting Planes - Dynamically add inequalities (cuts) to

Primal Heuristics - Guess a good solution for pruning.

reduce search space

Open Source MILP solvers are full of
heuristics...

https://www.scipopt.org/



https://www.scipopt.org/

Human solvers do individual optimization
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Why solve similar problems from scratch individually?
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[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/
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Human solver development may be slow

Concorde (1997)

(TSP only)
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Human solver development may be slow | ... .o
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Al for Optimization!

Expert

;”?_Problem?" 5 .- "H iii}ﬂ Solution

. o /%E
5

Traditional Solver Al for Optimization
e Heavy reliance on human knowledge e Automate data-driven pattern recognition
e Optimize each instances individually e Works for a distribution of instances
e Relatively slow evolution due to the o Relatively fast evolution by running

needs of trial and error and manpower Reinforcement Learning/LLM 24/7

13



Neural Combinatorial Optimization (NCO)
(2015 - now)




The Belief of Super-human Deep Learning

Al Community

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

AlphaGo defeating world champion Lee Sedol
l LAttention Is All You Need (Transformer)
—‘ o O o o—>
20115 2016 2017 2018 20[19 2020 2021 2022 2023

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

NCO Community

15




Types of the NCO Solvers

Learning-to-Construct

) 4
Problem > a» Solution
Instance

-

Learning-to-Search

'
Instance Better
Solution

-

§3
38
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The Deep Reinforcement Learning pipeline

7 | Reward |
DRL Algorithm
Policy Update: @ e’
(Transformer) T i o7
P Policy Network ; >
Sample
Agent @_’(( I (( g — | — /\/\ 2 ACthll MEnwronment
Feature Embeddings Encoder Refined Decoder Luch
Extractor g Embeddings Distribution I'N ext State |

‘ MDP ’ [Policy Network] ‘ Constraint Handling ’ [ RL Training ] [ Inference Method ]
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Learning-to-Construct

| 4
Problem a S .
e —_ olution

MDP

[ Policy Network

Constraint
Handling

[ RL Training

{ Inference

Method

J

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
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Learning-to-Search

Instance

-y

Better
Solution

M

[ Policy Network

Constraint
Handling

[ RL Training

[o]2]s

1[4]o]

CIEIE

1[4]o]

[o]2]s

2-opt

insert

Method

swap

o] Inference
Sampling

CINE

2[4]o]

CIEIE

2] 4]o]

of1]3

21410

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)
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NCO are keeping evolving rapidly...

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

CVRP50 CVRP100 CVRP1k CVRP50k
Gap Time Gap Time Gap Time Gap Time
LKH3 - 7h - 12h HGS - 2.5m - 8.1h
[sgﬁlf,gox)%] 045% | 26s | 0.32% | 2m [I"é?_g (23()';;] 2.72% | 1.5m | -2.72% | 49m

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

PDTSP-LIFO-50 PDTSP-LIFO-100 VRPTW1k VRPTW2k
Gap Time Gap Time Gap Time Gap Time
LKH3 - 16m - 67m HGS - 120s - 240s
[['j(éil(';gzsz)] 0.55% | 13m | -0.47% | 54m #ﬁfé';'gfg] 314% | 120s | -3.50% | 240s

[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 Atrtificial Intelligence. 2022.

[4] Hottung, André, Paula Wong-Chung, and Kevin Tierney. "Neural deconstruction search for vehicle routing problems." arXiv preprint arXiv:2501.03715 (2025).
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a RL4CO

() PyTorch base | TorchRL | config [Hydra'l code style black CC Open in Colab pypi [0.6.0

Documentation | Getting Started | Usage | Contributing | Paper | Join Us

An extensive Reinforcement Learning (RL) for Combinatorial Optimization (CO) benchmark. Our goal is to provide a
unified framework for RL-based CO algorithms, and to facilitate reproducible research in this field, decoupling the
science from the engineering.

RLA4CO is built upon:

e TorchRL: official PyTorch framework for RL algorithms and vectorized environments on GPUs
¢ TensorDict: a library to easily handle heterogeneous data such as states, actions and rewards
e PyTorch Lightning: a lightweight PyTorch wrapper for high-performance Al research

e Hydra: a framework for elegantly configuring complex applications

Env Configs \( ¢
rese
Policy Configs S { Instance ]

RL Confi .
onTLgs §:: TensorDict

{ action }

Env
@ TorchRL

Policy
O PyTorch

{ states }

Hynmﬁf-‘ Configs ° PyTorch Lightning RL Algorithm

Wa nffar flavihla and afficiant imnlamantatinne nf tha fallnwina naliciae:

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

© v0.6.0

on May 30, 2025

+ 19 releases

Deployments 88

@ github-pages 3 months ago

@ Dpypi 11 months ago

+ 86 deployments

Packages

No packages published
Publish your first package

Contributors 25

e00@v s
EO@S -
@

+ 11 contributors

Languages

® Python 100.0%
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https://github.com/ai4co/rl4co/

NCO needs new designs (Network)

Case study: Position encoding from NLP assumes linear sequence

The NCO model memorizes the cyclic nature of
the 1st and 20th nodes, preventing it from

Tom —-loves —-movies —s0 —-much. generalizing to larger graphs of 50 nodes.
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[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.



NCO needs new designs (Training)

Case study: Customize RL algorithms for NCO training

Grouped Baseline for Better REINFORCE

9.75
- AM [Kool et al., 2019]
9.50 —— AM+POMO(single trajec.)
9.251 —— AM+POMO(no augment.)
—— AM+POMO(x8 augment.)
9.00 == Optimal
em
©8.751
9
8.501
8.251
8.001 =
I e peree e e B e e P e

0 25 50 75 100 125 150 175 200
epochs

Starting Nodes

Training

Epoch

Obj. Value
n

10.5

é s é
4—: »T E
(a) PPO without CL. ) 750.01 (O ,
Curriculum Learning for Better PPO
—— PPO-CL

---- PPO

20 40 60 80
Training Epoch

[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

[of2]s]2]a]o]

2-opt

lo]1]3]2]4]0]

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

4 N N N [~ N
X1 X2 X3 X4 X5 Xg X7 Xg X9 X1 X2 X3 X4 X5 Xg X7 Xg X9 X1 X2 X3 X5 X 7 Xg X9 X1 X2 X3~X4 X5 X 7 Xg X9
Original solution 7 New solution T’
Remove[(x;—x3)] Remove [(x;—x3), (x4—xs5)] Remove[(x2—x3), (Xx4—x5), (x7—xg)] | | Remove[(x2—x3), (x4—x5), (x7—xg)]
Add  [] Add  [(xz—x4)] Add [(xz—x4), (x3—x7)] Add  [(x3—x4), (x3—x7), (x5—x5)]
AN AN AN
S(x3) I(x4) I(x7) E(xg) 04

[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.



From “Al for CO” to “CO for Al”’!

Grouped Baseline for NCO [POMO, 2020]

Group Relative Policy Optimization (GRPO) [DeepSeek-Al, 2024]
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Position: 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
Proceedings of the 41st International Conference on Machine Learning, PMLR 235:42707-
42718, 2024.

Abstract

In this position paper, we argue that application-driven research has been systemically under-valued
in the machine learning community. As applications of machine learning proliferate, innovative
algorithms inspired by specific real-world challenges have become increasingly important. Such work
offers the potential for significant impact not merely in domains of application but also in machine
learning itself. In this paper, we describe the paradigm of application-driven research in machine
learning, contrasting it with the more standard paradigm of methods-driven research. We illustrate the
benefits of application-driven machine learning and how this approach can productively synergize
with methods-driven work. Despite these benefits, we find that reviewing, hiring, and teaching
practices in machine learning often hold back application-driven innovation. We outline how these
processes may be improved.

[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
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NCO is still not mature!

Robustness to long-tail cases Generalization performance Robustness to distribution-shift
(reference AM performance: 3.72%)

g t“ Instance ] Opt. ] AM
\
N X-n101-k25 27591 38264

X-n106-k14 26362 27923
X-n110-k13 14971 16320
X-n115-k10 12747 14055

: 7 X-n120-k6 13332 14456
. . =1 X-n125-k30 55539 74329
e

X-n129-k18 28940 30869
X-n134-k13 10916 13952
X-n139-k10 13590 14893

X-n143-k7 15700 18251
Failure cases Avg. Gap
(n=100-150) | 900% | 16.65%

Black-box decision

[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.



Learning-Guided Optimization (LGO)
(2015 - now)




NCO v.s. LGO

Problem ML module Solution Problem
o, Bt & 5

Neural Combinatorial Optimization Learning-Guided Optimization

Learning neural solver from scratch
Black box solver - no guarantee

Excel if no distribution shifts

Impactful for Al technique developments
100% data-driven

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
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Connect the dots

Replace suboptimal

Performance * Learning-guided decisions within a solver;
(speed, gap, (e s°"$;‘2 bW ¥ _ Real-world impact
robustness) f A f A B 8 V. < S . ~
| N
: 1| : Specialized
| : : ; Develop Al Tools; human solvers
l Address NCO (e.g., LKH-3,
End-to-end reliability; Gurobi)

neural solvers
(e.g. Deep RL)

Automatic Manual

29



LGO Example: Remove Redundant Search

What to guide: Subproblem Selection for large scale optimization

Initial Solution
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[1] Ouyang, Wenbin, et al. "Learning to segment for vehicle routing problems." ICLR (2026).
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LGO Example: Remove Redundant Search

What to guide: Fine-grained Subproblem Selection for long-horizon optimization

L2Seg: Spatial Decomposition

1 S 28 3S 48 58 Operations
1 1 1 l l 1

T T
btz |
Py

w27, |

P2 7

P3

This work: Learn to accelerate Temporal
Decomposition based optimization

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

Makespan

218.0 Runtime: 11.13s
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Decision

Remove Myopic

LGO Example
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[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

How to LGO?

\\! \\! \\}
pur? o P
X Decision1----------- ~ Decision 2 -------;----- Decision 3 Y

RQ1 - RQ2 - RQ3 - RQ4 — RQ5 — RQ6 — RQ7 — RQ8 — RQ9 — RQ10

Stage 1: Pre-Learning Analysis Stage 2: Performing the Learning Stage 3: Post-Learning Validation
Learn the neural network Analyze the impact after

Find the target ‘Decision 2 and replace ‘Decision 2’ replacement

33



How to LGO?

BQl — RQ2 —- RQ3 — RQ% — BQS — RQ6 — RQZ — BQS — RQ9 — RQlQ

Stage 1: Pre-L;;rning Analysis Stage 2: Perforn“lring the Learning Stage 3: Post-Le;:rning Validation
RQ1 What are the decisions within the solver?
RQ2 Which decisions are potentially suboptimal?

Stage 1

RQ3 How to formulate the ML task?

RQ4 Is the ML task worth learning?

RQ5 How to collect training data?

Stage 2 | RQ6 How to design the Deep Learning pipeline?

RQ7 How to design the Inference method?

RQ8 What has the model learned?

Stage 3 | 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
Process .
Unit
Decision ]
Unit
Process Process Mechanical Decision Decision
Unit Unit Unit
ProGEss Decision Mechanical ! Decision
Unit Unit : Unit




A typical discrete optimization solver

Hyperparameters Subproblems

2 i Solution Y

Instance X
Problem Algorithm Search
representation configuration Decomposition (local, population,
tree, etc.)

36



RQ2 - Which decisions are potentially suboptimal?

Decomposition

ot(dt,m¢), T . extract d>t\ decide LEN execute 7'\
St ——————> St41 = St 7 2t 7 At ? St41

Poor Feature Extraction ¢ e Overly simplistic

e Low expressiveness
Poor Decision Policy 1t e Myopic
e Too-specific

Execution Bottlenecks T e Cause future computation bottleneck

37



RQ3 - How to formulate the ML task?

Action type Effective space size Example

Selection (1-of-N) N
Subset (k-of-N) (JZ ), up to 2V
Ordering N!

Value prediction  continuous (scalar)

Branching variable, neighborhood selectior
Destroy set in LNS, variable fixing
Priority ordering for planning

Bound estimation, cost prediction

Generation structured, exponential in length  Solution construction, cut generation

Reminder: Action decomposition for exponentially increasing state/action space

2-opt

2[4]o]

38



RQ4 - Is the ML task worth learning?

\\ \\ \\
Sitlil e e
X Decision1-----7------ - Decision 2 -------- i---~ Decision 3
G0
— Oracle —
\\ \\! \\
P o’ pore?
X Decision1------—---- ~ Decision 2 -------;----- Decision 3

Random/
Greedy

Y

Y
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RQ4 - Is the ML task worth learning?

Look-ahead Oracle

e Starting from the decision points

e Oracle computes:
o Enumerate all possible decisions and observe the consequence
o Get the best decision

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

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

Oracle (LNS) + Oracle (LNS) + Oracle (LNS) + Oracle + Ref
perfect recall 95% recall 90% recall 70% recall  (L2Seg-SYN-LNS)
& TNR & 95% TNR & 9% TNR & 70% TNR
Obj. 56.02 56.01 56.02 56.04 56.08

Time 30s 62s 119s 324s 241s

[1] Ouyang, Wenbin, et al. "Learning to segment for vehicle routing problems." ICLR (2026).
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LLM and Agentic Al
(2023 - now)




Towards ChatOpt

MODEL

OPTIMIZATION

3. LLM and Agentic Al

Iteratively Update

]

Human
Problem Extract
Description

O O
q o ol) min x, q oo P
S stx<0 2 )
Mathematical | Solve
Formulations

Solutions

o

|Generate

[Iévlrl

Explainations
& Feedbacks

Iteratively Update
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OptiGuide by Microsoft Research

+  Why is demand X not fulfilled?

»  What if we use supplier Y for demand X?

[n User ]4 6: Answer

SUPPN Chain J 1: User Question
Application

Question 2: In-Context Learning

: Handler
i Optimization
Tool

3: Application Code

E 4: ication Out; 5: In-Context Learni
v Aeel put, Interpreter TE,

LLM

Reduces answer time from days to minutes!

https://www.microsoft.com/en-us/research/project/optiguide-genai-for-supply-chain-optimization/
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LLM Models Your Yellowstone Trip
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LLM Models Your Yellowstone Trip

Gemini Prompt

Please assist me in formulating and solving a
mathematical model for an M-day travel itinerary within
Yellowstone National Park. | will provide you with the
instance data:

1. Node IDs: Points of Interest (POls) + 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 POls

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 Replies

This is a classic variation of the Tourist Trip Design Problem (TTDP), which is fundamentally

rooted in the Multi-Depot Vehicle Routing Problem with Time Windows and Intermediate Stops.

By applying a K-Nearest Neighbors (K-NN) filter, you are effectively using graph

sparsification. This is an excellent strategy because it drastically reduces the number of

decision variables, making the Mixed-Integer Linear Programming (MILP) model much faster

for a solver (like Gurobi or CPLEX) to compute.

Here is the detailed mathematical modeling scheme for your Yellowstone itinerary.

1. Sets and Indices

M : Total number of days for the trip. The day indexis m € {1,2,..., M}.
P: Set of all Points of Interest (POls).

H: Set of all candidate hotels.

d;,: The starting depot (entry point on Day 1).

d - The ending depot (exit point on Day M).

N: Set of all nodes in the network, where N = P U H U {din, dowt }

1, j: Node indices, where %, j € N.

2. Parameters

t;;: Travel distance/time from node i to node j. (Due to your K-NN simplification, if j is not
in the K-NN list of 4, t;; = oo, or the edge is simply excluded from the model).

s;: Service time (visiting duration) at node <. For hotels and depots, s; = 0.

C'},: The daily rate (price) of hotel h € H.

T'naz: The maximum allowable daily travel time (2 hours).

Vn: The specific number of POIs you wish to visit on day m.

a, (B: User-defined weights for the multi-objective function (« for distance, 3 for cost).

M,;,: A sufficiently large positive constant (Big-M) used for linearizing constraints.

4. Objective Function

The goal is to minimize the weighted sum of the total travel distance and the total hotel cost. To
ensure the solver treats these fairly, you may need to normalize the distance and cost values
beforehand so they exist on a similar scale.
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5. Constraints

Constraint 1: Daily POI Visitation Count
Ensure that on each day m, exactly V,, POIs are visited.

NN ap=Va Vme{l,...,M}
i€EP jEN

Constraint 2: Unique POI Visitation
Ensure that no POl is visited more than once across the entire trip (assuming you do not want
to revisit the same attraction).

M
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Constraint 3: Flow Conservation
If a traveler arrives at a POl on day m, they must also depart from that same POI on day m.

P V- m
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Constraint 4: Start and End Depots

Vje P,Yme{l,...,] M}

The journey must start at d;,, on Day 1and strictly end at d,,,; on Day M.
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LLM Models Your Yellowstone Trip

Cursor Prompt (generated by Gemini)

Markdown o

## Decision Variables
# Role & Context * *x[m, i, j1‘: Binary, 1 if traveling from node i to j on day m, @ otherwise.
You are a senior Operations Research algorithm engineer, proficient in Python anc * ‘y[m, h]': Binary, 1 if staying at hotel h on the night of day m (m from 1 to !
I need your help to model and solve a "Multi-day Tourist Trip Design Problem" (s: * ‘u[m, i]': Continuous, time of arrival at node i on day m, greater than or equ:

Task Requirements

# . ## Constraints (Must be strictly implemented)
1. »*Language & Solver**: Use Python 3 and ‘gurobipy".

2

3

1. **All POIs Visited Constraint**: ALl POIs in ‘N_P‘ must be visited exactly onc
2. **Flow Conservation Constraint**: For each day ‘m‘', if a vehicle arrives at a
3. *¥Daily Start/End Constraint*x:

- Day 1: Must depart from ‘d_in‘.

- Day M: Must end at ‘d_out‘.

. ®kGurobi License Configuration**: At the beginning of the code, explicitly wr:
. **Data Reading & Mock Data Generationi*:
- Write a function ‘generate_mock_data()' to create a small-scale mock instanc
- Save the mock data as a JSON file.
- Write a main process to read the data from this JSON file and then input it

4. *xGraph Sparsification (K-NN)**: To accelerate solving, the edges between POIt 4. **Hotel Connectivity Constraintkx:
5. **Solving & Output**: After calling the solver, print the optimization status - Every night (from day 1 to M-1), exactly 1 hotel must be selected.

- The end node of day ‘m' must be the hotel ‘h' stayed at that night (i.e., tt
# Mathematical Model Details - The start node of day ‘m+1‘ must be the hotel ‘h' stayed at the previous nig
Please implement the following mathematical model in the code: 5. **Time & Subtour Elimination (MTZ Constraints)*x:

- ‘ufm, j] >= ulm, i] + s_i + t_§ij} - BigM *x (1 - x[m, i, jI)*.
## Sets and Indices - ‘u[m, i] <= T_max" (Ensures arrival at the destination/hotel within the allc
* ‘M': Total number of days (e.g., 3 days), with index ‘m* from 1 to M.

* *N_P': Set of POIs. # Additional Coding Guidelines
N_H : Set of.candldate hotels. ) ) - Add clear ‘name‘ attributes to variables and constraints to facilitate debuggir
d_in‘: Starting Depot (departure location on the morning of day 1). - Modularize the code structure: Data Preparation module, Model Building module,

*
*

¥ d-oups Sending Depoti(ending: location on n,‘e night (of day; M) Considering K-NN sparsification, if an edge does not exist, do not create the ¢
* *N': Set of all nodes, ‘N = N_P U N_H U {d_in, d_out}".

## Parameters

* ‘t_{ij}': Travel distance/time from node i to j.

* *s_i‘: Service time at node i (@ for hotels and Depots).

* ‘P_h': Price per night for hotel h.

* “T_max': Upper limit of the daily time budget.

* ‘alpha, beta': Multi-objective weights. The objective is to minimize "total di:



[solver] Status: OPTIMAL

[solver] Status: OPTIMAL

Day 1 Day 1
# Location Arrive Stay Depart Drive # Location Arrive Stay Depart Drive
; x/:rsr%entrance 090r?logr(1)h 29%&?0?) 7%:0" ;“— west_entrance 0.00h - 0.00h 0.50h
U g d 0 ¢ 2 river_downstream 0.56h 1.8h 1.56h  0.50h
S MBI Jheltly_ Tl Skl Qe 3 old_faithful_basin 2.00h 4.6h 6.80h  0.05h
atoworafalls ML 195h R0 Sh N6 70NNO0I05h 4  old_faithful_snow_lodge_dining 7.85h 1.5h 9.35h  0.65h
5 roosevelt_lodge_dining 8.45h 1.5h 9.95h 0.05h 5 grant_village 10.00h ~ 10.00h
6 roosevelt_lodge 10.00h - 10.00h -
. Day 1 total drive: 1.70h
Day 1 total drive: 2.30h . % : :
Hotel tonight: roosevelt_lodge ($450.00/night) Harelstorcphtaigrant village i $68e. b0/ night)
Day 2 Day 2
o LeEEien Arrive Stay Depart Drive # Location Arrive Stay Depart Drive
1 grant_village 0.00h - 0.00h 0.05h
DR iy GO T 2 grant_village_lake_house 0.05h 1.5h 1.55h  0.20h
3 mud_volcaro 420h 10h 520h 0.15h E R 1 i LA L Sl il
4 fishing_bridge 7.15h 0.8h 7.90h 0.70h 4 fishing_bridge 3.70h 0.8h 4.45h 0.15h
5 west thumb 8.60h 1.2h 9.85h 0.15h 5 mud_volcano 4.80h 1.6h 5.806h 0.55h
6 grant_village 10.00h - 10.00h 6 yellowstone_canyon 6.35h 3.6h 9.35h 0.65h
— 7 roosevelt lodge 10.00h - 10.00h
Day 2 total drive: 2.20h 2
Hotel tonight: grant_village ($640.00/night) Day 2 total drive: 2.30h )
Hotel tonight: roosevelt_lodge ($450.00/night)
Day 3
# Location Arrive Stay Depart Drive
S, # 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 roosevelt_lodge 0.00h - 0.00h 0.05h
3 old_faithful_snow_lodge_dining 2.25h 1.5h 3.75h 0.05h 2 roosevelt_lodge_dining 0.85h 1.5h 1.55h 0.05h
4 old_faithful_basin 4.00h 4.0h 8.00h 0.50h 3 tower_falls 1.66h 0.8h 2.35h 0.606h
5 river_downstream 8.50h 1.0h 9.50h 0.50h 4 mammoth 4.65h 1.8h 6.46h 0.70h
6 south_entrace 10.00h - 10.00h 5 norris 7.16h 2.6h 9.106h 0.906h
[+ south _entrace 10.00h - 10.00h

Day 3 total drive: 1.80h

Day 3 total drive: 2.30h

Summary

Summary

Total travel time : 6.30h
Total hotel cost : $1090.00
Objective value :115.30

Total travel time : 6.306h
Total hotel cost : $1090.00
Objective value : 115.30




LLM Improves Your Solvers

¢ Automated Discovery

agile-fox GLOBAL

Join the Swarm
6791.2

3985.9

crystal-forge

crystal-forge
crystal-forge Clone https://github.com/SteveDiamond/tig
swarm-demo, read the CLAUDE.md, and start

crystal-forge ;
crystal-forge contributing
crystal-forge
crystal-forge
crystal-forge

Anvetal _fanna

https://demo.discoveryatscale.com/45




LLM Explains Your Solver Results

E? RouteExplainer: Application Demo
A

S - Interactive Tourist Route Generation -



https://docs.google.com/file/d/19NycAhHY73nSfx_G_hVY1QpIsA_eJp84/preview
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M
Thank you!!

Dr. Yining Ma (viningma@mit.edu)

Laboratory for Information & Decision Systems (LIDS)
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