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1. Introduction

➢ Motivation

KEY ISSUES IN MODERN RIDE-HAILING 

LOW SUPPLY, HIGH DEMAND

HIGH SUPPLY, LOW DEMAND

1. Dynamic and Uneven Supply–Demand
Passenger requests and driver availability fluctuate sharply across time 
and regions, causing long wait times and idle cruising.
2. Real-World Uncertainty and Volatility
Sudden demand surges, cancellations, and traffic conditions make real-
time coordination challenging.
3. Operational Inefficiency and Energy Waste
A large fraction of vehicle mileage occurs without passengers, leading to 
congestion and emissions.

A more adaptive, data-efficient, and intelligent decision framework is 
essential to effectively capture real-world dynamics and optimize system 
performance under uncertainty.
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1. Introduction

Methods Strength/Advantages Challenges/Limitations

Reinforcement 
Learning (RL)

• Learns from historical and simulated interaction 
data.
• Optimizes for long-term reward by considering 
expected future states (driver repositioning, future 
demand).
• Deep RL enables complex policy learning and 
dynamic decision-making.

• Requires large-scale interaction data for effective training.
• Training is often unstable and sensitive to hyperparameters.
• Hard to encode or enforce operational constraints (e.g., 
regulations, fairness).
• Limited interpretability and generalization to new 
scenarios.

Online 
Optimization / 
Combinatorial 
Optimization

• Provides mathematically rigorous formulation.
• Enables explicit constraint enforcement.
• Offers deterministic and explainable decision 
outcomes.

• Scalability issues with large variable spaces (many 
drivers/orders).
• Often decomposed into multiple stages, introducing sub-
optimality.
• High-level models lack awareness of low-level operational 
dynamics.

LLM for 
Operations 
Research (LLM–
OR)

• Automates model formulation, reducing reliance 
on domain experts.
• Can generate heuristic or algorithmic code for 
optimization tasks.
• Recent frameworks show promise in heuristic 
discovery.

• Current studies mostly focus on static OR; lack real-time 
adaptability.
• Generated solutions may lack feasibility guarantees or 
constraint compliance.
• No prior integration with dynamic, online decision-making 
systems in ride-hailing context.

➢ Existing work
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2. Proposed method

➢ Overall framework

❑Dynamic System block: At 
each timestep, the LLM 
generates high-level 
objectives
based on the refined prompt 
and simulator-reported 
states. The optimizer’s 
decisions are executed in the 
simulator, updating system 
states. This closed-loop 
process continues until the 
simulation horizon concludes.

Paradigm
 innovation

Structural 
Preservation
(50% legacy)

❑ Evaluation block: 
Computes the fitness 
score from simulator 
trajectories and pairs it 
with the
LLM-inferred 
objectives to update 
the harmony search 
population.

❑ Search block: Uses harmony 
search algorithm to iteratively 
select and apply 3 prompt-
refinement operators. Initial 
iterations prioritize heuristics 
from Operator 1.

• LLM as Meta-Objective 
Designer

• Optimizer as Constraint 
Enforcer

• Heuristics as Prompt 
Evolver
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2. Proposed method

2.1 Dynamic Hierarchical Optimization Problem
➢ First-level assignment problem

➢ Second-level sequencing problem

min 𝐽1𝑠𝑡

min 𝜙𝑡

𝑠. 𝑡. ෍

𝑣

𝑦𝑝𝑣 = 1

From Manual Design 
to LLM-Adaptation

= 𝐿𝐿𝑀 𝒮𝑡, ℋ𝑡−1

𝐽1𝑠𝑡
𝑡𝑖𝑚𝑒 =  ෍

𝑝𝑣

𝑦𝑝𝑣|𝑇𝑝 − 𝑡𝑆𝑣|

𝐽1𝑠𝑡
𝑑𝑖𝑠𝑡 =  ෍

𝑝𝑣

𝑦𝑝𝑣(𝑇𝑅𝑂𝑝𝑆𝑣 + 𝑇𝑅𝐷𝑝𝑆𝑣)

𝐽1𝑠𝑡
𝑢𝑡𝑖𝑙 =  ෍

𝑣

෍

𝑝

𝑦𝑝𝑣 2𝑠. 𝑡. ෍

𝑣

𝑦𝑝𝑣 = 1

min 𝐽2𝑛𝑑 = σ𝑣(𝐷𝑃 𝑝,𝑂𝑝 − 𝑇𝑝)

෍

𝑖∈𝒫

𝑥𝑆,𝑖 = 1 ෍

𝑖∈𝒫

𝑥𝑖,𝐸 = 1 𝐴𝑅𝑆 = ǁ𝑡

Initial Condition Setup

෍

𝑖∈𝒫

𝑥𝑖𝑗 = ෍

𝑞∈𝒫

𝑥𝑗𝑞 , ∀ 𝑗 ∈ 𝒟

෍

𝑗∈𝒟

𝑥𝑗𝑖 = ෍

𝑞∈𝒟

𝑥𝑖𝑘 , ∀ 𝑖 ∈ 𝒫

System Dynamics Conservation Law

𝐴𝑅(𝑝,𝐷𝑝) ≤ 𝐷𝑃 𝑝,𝐷𝑝

𝐴𝑅
(𝑝′,𝑂𝑝′

)
≤ 𝐷𝑃

(𝑝′,𝑂𝑝′
)

𝐷𝑃 𝑝,𝑂𝑝 ≥ 𝑇𝑝

𝐴𝑅(𝑝,𝐷𝑝) ≤ 𝐷𝑃 𝑝,𝑂𝑝 + 𝑇𝑅 𝑂𝑝,𝐷𝑝 + 𝑀(1 − 𝑥 𝑝,𝑂𝑝 (𝑝,𝐷𝑝))

𝐴𝑅(𝑝,𝐷𝑝) ≥ 𝐷𝑃 𝑝,𝑂𝑝 + 𝑇𝑅 𝑂𝑝,𝐷𝑝 + 𝑀(1 − 𝑥 𝑝,𝑂𝑝 (𝑝,𝐷𝑝))

𝐴𝑅
(𝑝′,𝐷𝑝′

)
≤ 𝐷𝑃 𝑝,𝑂𝑝 + 𝑇𝑅

𝐷𝑝,𝑂𝑝′

𝐴𝑅
(𝑝′,𝐷𝑝′

)
≥ 𝐷𝑃 𝑝,𝑂𝑝 + 𝑇𝑅

𝐷𝑝,𝑂𝑝′

+𝑀(1 − 𝑥
𝑝,𝐷𝑝 (𝑝′,𝑂𝑝′

)
)

+𝑀(1 − 𝑥
𝑝,𝐷𝑝 (𝑝′,𝑂𝑝′

)
)

Arrival Departure Constraints
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2. Proposed method

2.2 LLM-Optimizer Interaction Protocol

➢ Scenario prompt setup

Scenario Prompt ℙ𝑠𝑐𝑒

ℙ𝑠𝑐𝑒 equips the LLM with contextual 

knowledge regarding the problem, 

including: 

• System overview provides basic 

system architecture

• Geo-spatial context encodes 

geospatial semantics through OD 

matrix

• Mathematical model blueprint 

ensures variable-aware objective 

formulation
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2. Proposed method

2.2 LLM-Optimizer Interaction Protocol

➢ Dynamic environment feedback ➢ Solver format restriction

1. Structural requirements:
   - Costs stored in list “costs (1-5 elements)”
   - Weights in list weights (length matching costs)
   - Final objective: sum(w*c for w, c in zip(weights, costs))

2. Gurobi expression rules:
   - Use gb.quicksum()/gb.max_()/gb.abs_() only when           

   - Use sum()/max()/abs() when working with parameters
   - Quadratic terms via variable multiplication
 
   - Never multiply Gurobi variable with Gurobi expression
        -- Invalid: y[v,p]*gb.max_(expression_with_vars, 0)

   - Never use Python if/else with Gurobi 
variables/expressions

containing variables

[y[v,p] * y[v,q]]

• Closed-loop control:
Query made at each simulation step.
Incorporates real-time environment feedback from the 
simulator.
Allows the LLM to update objectives dynamically based on 
current states.

• Dynamic states streaming ℙ𝑑𝑦𝑛 

𝑃𝑑𝑦𝑛
𝑡 = {𝑣𝑒ℎ𝑡 ,  𝑝𝑎𝑠𝑠𝑡 }

𝑣𝑒ℎ𝑡 ∈ ℝ 𝑣𝑒ℎ ∗2: vehicle states (e.g., position, arrival time).

𝑝𝑎𝑠𝑠𝑡 ∈ ℝ 𝑝𝑎𝑠𝑠 ∗3: passenger demand (origin, destination, 
request time).
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2. Proposed method

2.2 LLM-Optimizer Interaction Protocol

➢ Evolutionary prompt optimization

We adapt the Harmony Search algorithm to 

evolve task-solving prompts for LLMs. The 

process balances exploration of new solutions 

with exploitation of existing ones following: 

𝑊𝑛𝑒𝑥𝑡 =  𝟏 𝛼≤𝐻𝑀𝐶𝑅 𝜆𝑊2 + 1 − 𝜆 𝑊3 + 𝟏 𝛼>𝐻𝑀𝐶𝑅 𝑊1

where 𝛼 ~ 𝑈 0, 1 , λ∼Bernoulli(PAR).

Fitness Evaluation: Prompts are evaluated in a 

simulation environment ℰ over a trajectory 𝜏. 

The fitness of a prompt 𝑋 is:

𝑓 𝑋 = 𝔼𝜏∼𝒟 ℛ ℰ(𝑋, 𝜏)

where ℛ is the reward/cost function. The 

algorithm selects elite parents based on fitness 

to drive the next generation.
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3. Experiment

➢ Ablation Study

Fig. Average passenger waiting time (minutes) under different compositions and 
runs. Cases: A(P50_C30_T300), B (P70_C60_T600), C (P100_C80_T900), and D 
(P130_C80_T1200). 

Effect of Structured Prompt Design on 
Performance
•Basic prompt:

• High passenger waiting time (≈ 9.93 ± 0.00 
min).

• No variation → caused by invalid LLM 
objectives replaced by default static ones.

•With model blueprint:
• Waiting time drops significantly (e.g., 2.86 ± 

0.29 min).
• Slightly higher variability due to diverse 

LLM-generated functions.
•With additional constraint block:

• Achieves lowest cost (e.g., 2.25 ± 0.05 min).
• Crucial for large, complex scenarios — 

reduces error rates and stabilizes outputs.

•Key takeaway:
Structured task grounding (model definitions) +
constraint formalization (optimization 
restrictions) →
more reliable and efficient LLM-driven 
optimization.
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3. Experiment

➢ Performance comparison – Manhattan downtown

• Data source: NYC Taxi & Limousine Commission trip data 

(Jan–Jun 2024).

• Focus area: Downtown Manhattan (trips originating and 

ending within the area)

• Scenario generation:

     Derived from statistical patterns (not direct historical replay).

     Synthetic travel tasks sampled from OD freq. distribution.

     Preserves realistic spatial and temporal demand patterns.

• Spatial pattern: More balanced across downtown 

regions, without strong OD concentration.

• Scenario configuration:

        9 synthetic scenarios varying:

Passenger volume (P): 35–200

Taxi fleet size (C): 60–100

Request window (T): 600 s / 900 s / 1200 s
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3. Experiment

➢ Performance comparison – Manhattan downtown

• Manual objective functions

- Combining distance, time, 

and utilization helps small-

scale cases.

- Performance deteriorates 

as problem size grows 

(e.g., 9.27 min in Scenario 

9).

• RL-based and LLM-only 

methods

- RL performs well in simple 

cases but suffers from 

reward sparsity and poor 

scalability.

- FunSearch and EoH both 

lack adaptive feedback and 

low-level optimization, 

leading to suboptimal large-

scale results.

• Hybrid LLM + optimizer approach

- Integrates LLM’s adaptability with optimizer’s precision.

- Closed-loop feedback enables dynamic objective refinement.

- Achieves state-of-the-art performance without large-scale training data.
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3. Experiment

➢ Performance comparison – Manhattan downtown

Spatiotemporal delays:

- Manual objectives show persistent 

hotspots (Zones 144, 79, 249) due 

to static design.

- Default+RL-seq method degrade 

over time (e.g., high-delay 

regions in Slot 5) and struggle 

with unseen demand patterns.

Framework advantage:

- LLM+optimizer completes all 

pickups within 4 time slots (vs. 5–7 

for baselines).

- Maintains spatially consistent low 

delays, overcoming RL data 

dependency and rigidity of manual 

objectives.

Spatiotemporal analysis on Case 9
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3. Experiment

➢ Performance comparison – Chicago central

• Data source: Chicago Data Portal taxi trips (Jan–Jun 2023).

• Focus area: Central district — Loop (zone 32) + 18 

neighboring communities.

• Spatial pattern:

• Highly concentrated OD pairs, especially (32, 8) and 

(32, 28).

• Reflects strong commuter flows between CBD and 

nearby residential zones.

• Scenario configuration:

• 9 synthetic scenarios varying:

• Passenger volume (P): 35–200

• Taxi fleet size (C): 60–100

• Request window (T): 600 s / 900 s / 1200 s

• Example: P200_C100_T1200 → 200 requests, 

100 taxis, 20 min window
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3. Experiment

➢ Performance comparison – Chicago central

• Hybrid LLM + optimizer approach

- Robust across all scenarios, consistently reducing delays by >20% in key cases

- Closed-loop adaptation ensures strong performance under dynamic, high-demand 

conditions

- Example gains: Scenario 4 (8.40 vs 12.05 min), Scenario 7 (10.79 vs 14.35 min), 

Scenario 9 (15.37 vs 19.79 min)

• Manual objective 

functions

- Composite objectives 

(Distance × Temporal × 

Utilization) degrade at 

scale

- Single-objective variants 

fail under imbalanced 

demand → extreme 

delays (up to 145 min)

• RL-based & LLM-only 

methods

- Full RL better than 

manual baselines but still 

inferior to hybrid approach

- LLM-only methods 

(FunSearch, EoH) perform 

inconsistently: small-scale 

vs large-scale

- Lack of dynamic 

feedback and fine-grained 

optimization reduces 

solution quality
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3. Experiment

➢ Performance comparison – Chicago central

Spatiotemporal analysis on Case 9

Spatiotemporal delays:

- Baselines require 8–9 time slots 

due to longer travel distances and 

highly imbalanced trips.

- RL and LLM-only methods 

improve (5–6 time slots) but still 

leave delays.

Framework advantage:

- Proposed method completes all 

pickups in 4 time slots.

- Demonstrates robustness to 

complex urban topologies and 

heterogeneous demand through 

LLM + optimizer integration.
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✓ We propose a hybrid approach that combines LLM and optimizer in a dynamic hierarchical system, 

where LLM-generated objective in the high-level model serves as guiding heuristics for the low-

level routing optimizer

✓ We introduce a harmony search algorithm with three novel operators (random inference, heuristic 

improvement, and innovative generation) to iteratively refine LLM-generated objectives using 

feedback from the mathematical solver.

✓ Extensive experiments on scenarios derived from the Manhattan New York and Central Chicago 

taxi datasets validate the effectiveness of our approach, demonstrating an average of 16% 

improvement over state-of-the-art baselines

➢ Future work

➢ Contribution

✓ Application layer scalability and simulation fidelity

✓ Reinforcement learning for LLM-Optimizer co-adaptation

✓ Quantum-enhanced hierarchical optimization

4. Conclusion
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