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Abstract001

Path planning in grid maps is a fundamental002
problem in abroad range of applications. Ex-003
isting works fall into traditional algorithms004
and learning-based algorithms. The tradi-005
tional algorithms could generally guarantee006
completeness or optimality, but demand ultra-007
high computational and memory cost in large-008
scale maps. The learning-based ones adopt009
end-to-end learning paradigms that exploit pri-010
ors to reduce computation, which however rely011
on task-specific pretraining and face scalabil-012
ity issues. Recently, Large Language Mod-013
els (LLMs) have shown strong reasoning ca-014
pacity for planning tasks, but suffer from spa-015
tial illusion and unstable performance in terms016
of long path length, long runtime and large017
memory occupation. Observing both the ad-018
vantages and limitations of the SOTA LLM-019
enhanced algorithm, we propose iLLM-A*, an020
innovative LLM-enhanced efficient path plan-021
ning algorithm for large-scale maps. iLLM-A*022
addresses the limitations of the SOTA LLM-023
Enhanced algorithm by integrating 4 modules:024
Optimal Standard A*, Waypoint Generating025
by Incremental Learning-Based LLM, Appro-026
priate Waypoint Selection, and Circle-based027
Neighboring Waypoint Connection. iLLM-A*028
leverages the base LLM without fine-tuning,029
which bears the advantage of scalability. Fi-030
nally, comprehensive evaluations are conducted031
to compare iLLM-A* with various baselines,032
using a set synthetic maps and a set of widely-033
adopted benchmarking maps related to 6 sce-034
narios. The results show that iLLM-A* signifi-035
cantly outperforms the baselines.036

1 Introduction037

In a grid map with obstacles, path planning deter-038

mines a collision-free path from a source to a des-039

tination, adhering to specific criteria such as mini-040

mizing distance, time, or energy (Liu et al., 2023a).041

This is a fundamental problem in a wide range of042

real-world applications, such as robot navigation043

(Carvalho and Aguiar, 2025), automated vehicle 044

parking (Jiang et al., 2023), logistics scheduling 045

(Hang et al., 2024), player role planning in game 046

or emulated training environments (Panov et al., 047

2018), and route optimization in large-scale road 048

networks (Luo et al., 2022; Ferrara et al., 2025; 049

Liu et al., 2021; Farhan et al., 2023). In more sce- 050

narios, the need for path planning for large-scale 051

grid maps boosts (Sun et al., 2024), specifically as 052

robots’ working space dramatically expands (Tang 053

et al., 2025) and game maps are increasingly com- 054

plex (Lee and Lawrence, 2013; Kirilenko et al., 055

2025). 056

Over the past decades, researchers have devel- 057

oped various path planning algorithms for grid 058

maps, categorized into traditional and learning- 059

based approaches. Traditional algorithms, such 060

as A* and its extensions including JPS (Harabor 061

and Grastien, 2011), Theta* (Nash et al., 2007), 062

D* Lite (Koenig and Likhachev, 2002)), guarantee 063

completeness or optimality in some cases but suffer 064

from prohibitive computational costs on large-scale 065

grids. For instance, the worst-case time complex- 066

ity of A* can reach O(N4 logN) (Carlson et al., 067

2023), where N is the edge length of the map and 068

N2 denotes the total number of grid cells, mak- 069

ing it challenging to scale to very large environ- 070

ments. The learning-based methods (e.g., Neu- 071

ral A* (Yonetani et al., 2021), RLHA* (Ha et al., 072

2023), GraphMP (Zang et al., 2023)) leverage neu- 073

ral networks to learn heuristics, reducing compu- 074

tation by exploiting the learned priors. However, 075

these methods typically rely on task-specific train- 076

ing, limiting their generalization to unseen environ- 077

ments and facing scalability issues in large-scale 078

maps where training and inference becomes time- 079

consuming. 080

In recent years, Large Language Models (LLMs) 081

have showed remarkable reasoning capacities in 082

complex contexts, inspiring their use in path plan- 083

ning(Fan et al., 2025; Aghzal et al., 2024; Xie et al., 084
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2024; Kwon et al., 2024), which, however, suffer085

from spatial illusion and therefore achieve unstable086

and limited planning performance. To achieve ro-087

bust path planning, a state-of-the-art (SOTA) LLM-088

enhanced algorithm, LLM-A* (Meng et al., 2024),089

proposes a promising paradigm by combining the090

global insight of LLMs with the robust planning091

capacity of A*. Specifically, LLM-A* uses LLM092

to generate a series of waypoints from the source093

to the destination, restricting the A* solver to plan094

paths only between neighboring waypoints. The095

overall runtime and memory costs are thus sig-096

nificantly reduced. However, our preliminary ex-097

periments on LLM-A* reveal that: when applied098

for large-scale maps (with N ≥ 200), LLM-A*099

also suffers from critical inefficiency in long run-100

time, large memory occupation and suboptimal101

path length. We then conduct thorough analysis102

on the source of inefficiency, and find that both103

A* and LLM cause inefficiency. Specifically, the104

A* implementation in LLM-A* needs to frequently105

maintain, update, and traverse some variable lists,106

causing high overhead. Meanwhile, the LLM may107

stochastically generate some inappropriate and re-108

dundant waypoints due to spatial illusion, leading109

to unnecessary node expansions.110

Inspired by the promising paradigm of LLM-111

A* and the analyzed sources of inefficiency, this112

work proposes an innovative LLM-enhanced al-113

gorithm, abbr. as iLLM-A*. Unlike prior neural114

methods relying on fine-tuning or specialized train-115

ing, iLLM-A* targets the inefficiency sources di-116

rectly through a training-free design consisting of117

4 modules: (I) Optimal Standard A* optimizes118

the underlying solver to replace linear lists with119

efficient heap/hash structures and applies a delayed120

update mechanism; (II) Waypoint Generating by121

Incremental Learning-Based LLM implements122

an incremental learning-based strategy to dynami-123

cally enrich few-shot prompts; (III) Appropriate124

Waypoint Selection leverages experience-driven125

waypoint selection to remove redundancy; and (IV)126

Circle-based Neighboring Waypoint Connection127

employs adaptive connection mechanisms to han-128

dle spatial variations. Our method are simple and129

only leverage base LLM for efficient path planning,130

which bears the advantages of scalability.131

The contributions of the work are 3-fold:132

• This work investigates iLLM-A*, a novel133

LLM-enhanced design for efficient path planning134

in large-scale grid maps. iLLM-A* requires no pre-135

training or environment-specific fine-tuning, which136

shows significant advantage on scalability for new 137

tasks. 138

•We give a detailed design of iLLM-A* consist- 139

ing of the aforementioned 4 modules that mitigate 140

LLM spatial illusion and enhance A* implementa- 141

tion efficiency. 142

• Comprehensive evaluations are conducted on 143

synthetic maps and widely-adopted benchmarking 144

maps. Compared with multiple baselines, iLLM- 145

A* achieves significant speedup, memory reduction 146

and short path length. Extensive evaluations on 147

different LLMs show the robustness of iLLM-A*. 148

2 Related Work 149

Traditional Path Planning Algorithms. Classi- 150

cal graph-search methods form the basis of path 151

planning. Dijkstra’s algorithm (DlJKSTRA, 1959) 152

guarantees optimality but suffers from inefficiency 153

on large grid maps, while A* (Hart et al., 1968) 154

improves efficiency via admissible heuristics. Sub- 155

sequent variants (Pearl, 1984; Korf, 1985; Koenig 156

and Likhachev, 2002; Koenig et al., 2004) optimize 157

memory usage and dynamic replanning, and hierar- 158

chical methods (Harabor and Grastien, 2011; Nash 159

et al., 2007; Harabor and Grastien, 2013; Holte 160

et al., 1996; Botea et al., 2004; Salvetti et al., 2018) 161

introduce pruning strategies and multi-level abstrac- 162

tions. However, these methods still struggle with 163

scalability on large-scale maps. 164

Learning-Based Path Planning Algorithms. 165

Recent learning-based approaches (Yonetani et al., 166

2021; Ha et al., 2023; Zang et al., 2023; Pándy et al., 167

2022; Chen et al., 2024; Kirilenko et al., 2023, 168

2025; Reijnen et al., 2020; Odense et al., 2022) 169

integrate neural networks into search frameworks 170

to learn heuristics or capture global features, but 171

generally require task-specific training and have 172

limited generalization to unseen environments. 173

LLM-enhanced Path Planning Algorithm. 174

LLMs have also inspired path planning methods, 175

which leverages LLMs to generate semantic heuris- 176

tics (Shah et al., 2023; Song et al., 2023; Zhou 177

et al., 2024; Dai et al., 2024) or directly produce 178

waypoints (Xie and Schwertfeger, 2024; Tariq et al., 179

2025). PPNL (Aghzal et al., 2024) introduced 180

a benchmark exposing LLM’s spatial instability. 181

Complementarily, LLM-A* (Meng et al., 2024) 182

integrates LLM’s global reasoning with A’s local 183

optimality. However, these methods suffer from 184

spatial illusion that even advanced reasoning strate- 185

gies (Wei et al., 2022) only partially mitigate. 186
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Figure 1: Runtime, Memory and Path Length Distribution of LLM-A* and A* Given Different Map Sizes.

3 Motivation187

iLLM-A* is inspired by LLM-A* (Meng et al.,188

2024) . This section first conducts an evaluation of189

LLM-A* on different map sizes to show its ineffi-190

cient performance. Then, the inefficiency source is191

analyzed.192

3.1 Preliminary Evaluation of LLM-A*193

We first test the performance of LLM-A* in194

large-scale grid maps (see detailed settings in Ap-195

pendix B). Figure 1 depicts the runtime, memory196

occupation, and planned path length.197

As Figure 1 (a) shows, when the map scales from198

N = 200 to N = 300, the runtime of LLM-A* ex-199

ponentially increases from 30s to 7min, which200

shows the inefficiency of LLM-A* for large-scale201

maps. Figure 1 (b) illustrates that memory shows a202

similar increasing trend. When the map scales from203

N = 50 to N = 300, the memory of LLM-A* in-204

creases by 84.75×. Regarding the path quality,205

the optimality gap is 7.3% on average, and up to206

22.2% in extreme cases, which is far from the opti-207

mal/shortest path and not feasible in many applica-208

tions. Figure 1 (c) demonstrates the distribution of209

the path length (related to the optimal/shortest path210

by A*) of all the maps with different scales.211

3.2 Inefficiency Analysis For LLM-A*212

By comprehesive analyzing LLM-A* and review-213

ing related study on LLMs, we have observed that214

the inefficiency is caused by both A* implementa-215

tion and LLM limitations.216

3.2.1 Limitation 1: Inefficient217

Implementation of A*218

We find that the A* in LLM-A* needs to main-219

tain, update and traverse some variable lists, which220

results in long runtime and large memory for large-221

scale maps.222

The A* in LLM-A* uses two linear data struc-223

tures for the OPEN and CLOSED lists. As de-224

tailed in Appendix B.2, the total time complex-225

ity is O(NwpNopen logNopen+NopenNclosedNob), 226

where Nwp is the number of waypoints, Nob is 227

the obstacle number, and Nopen/Nclosed are the 228

lengths of the OPEN/CLOSED lists. In the worst 229

case, Nopen and Nclosed may approach N2. There- 230

after, the time complexity of LLM-A* is consistent 231

with that of A*, as verified in Figure 1 (a). Such in- 232

efficient transversal operations are time-consuming 233

for large-scale maps. 234

Global OPEN List Causing Large Memory 235

Occupation: When planning the path between 236

neighboring waypoints, A* needs to maintain the 237

global OPEN list, resulting in memory costs similar 238

to the original A*, as verified in Figure 1 (b). 239

3.2.2 Limitation 2: Spatial Illusion of LLM 240

The spatial illusion of LLM generates inappropriate 241

and redundant waypoints, which result in long path 242

length and runtime. 243

Suboptimal and Redundant Waypoints Due 244

to Spatial Illusion: Some waypoints generated by 245

LLM are stochastic and cannot precisely capture 246

the shortest length objective, known as spatial il- 247

lusion (Huang et al., 2023). The illusion may be 248

caused by various factors, such as training data, 249

training process, and reasoning process. LLM imi- 250

tates text syntax instead of exactly learning to find 251

the shortest path. Valmeekam et al. (Valmeekam 252

et al., 2023) verified that the ratio of the advanced 253

LLM successfully planning a mission is only 12%, 254

which confirms the limited capacity of LLM. With 255

redundant waypoints, LLM-A* incurs additional 256

node expansions, resulting in long runtime. 257

Sparsely Distributed Obstacles Causing Long 258

Path: Our extended experiments (see Appendix B) 259

indicate that LLMs tend to generate worse way- 260

points within space with sparsely distributed ob- 261

stacles thereby causing longer paths. Namely, the 262

LLM-generated waypoint quality increases along 263

with the increase of the obstacle density. 264
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4 Detailed Design of iLLM-A*265

The proposed iLLM-A* follows the basic paradigm266

of LLM-A* while addressing the aforementioned267

limitations. iLLM-A* integrates 4 carefully de-268

signed modules to constitute an efficient and scal-269

able framework that reduces computational over-270

head and enhances stability in large-scale map en-271

vironments.272

4.1 Optimal Standard A*273

4.1.1 Efficient Data Structures for A*274

iLLM-A* employs the standard optimal A* as the275

low-level planner. The OPEN list is maintained276

by a binary heap and the CLOSED list is main-277

tained by a hash set. The hash-based structure278

reduces the complexity of the search operation on279

the CLOSED list from O(Nclosed) to O(1) (Sun280

et al., 2007) (Sun et al., 2009). A hash map is used281

to store the g-values and parent of each grid. The282

heuristic is the Euclidean distance, and the search283

is performed on an 8-connected grid with unit cost284

for orthogonal moves and
√
2 for diagonal moves.285

The evaluation function is286

f(s) = g(s) + h(s) + cost(s, swp), (1)287

where s is a grid, swp is the active waypoint, g(s)288

is the accumulated cost from the source, h(s) is the289

estimated cost to the destination, and cost(s, swp)290

is the estimated cost to the waypoint. At each step,291

the node with the smallest f -value is extracted; for292

each neighbor, g and parent mappings are updated293

if a lower cost is found, and the corresponding f -294

value is recomputed. The final path is obtained by295

backtracking parent links from the destination.296

4.1.2 Delayed Update for Global OPEN List297

When cost(s, swp) changes, directly updating f(s)298

in the global OPEN list demands significant over-299

head due to its large size. To address this issue,300

iLLM-A* applies a delayed update strategy (Sun301

et al., 2009):302

• Case 1: only the top-k (i.e., k = 100) grids303

with the lowest estimated function in the OPEN list304

are updated.305

•Case 2: when we extract a grid from the OPEN306

list, its heuristic function f(s) is updated if f(s)307

is outdated, and the f(s) is estimated using the308

current value.309

4.2 Waypoint Generating by Incremental 310

Learning-Based LLM 311

The traditional static few-shot prompts of 312

LLMs cannot effectively adapt to new environ- 313

ments (Song et al., 2023), often leading to over- 314

fixed planning strategies. To address this limitation, 315

an incremental learning mechanism leveraging the 316

robust few-shot adaptation capacity of LLMs is in- 317

troduced. Following the prompt engineering prac- 318

tices for Qwen models (Long et al., 2025) and 319

principles from Natural Language Processing (Liu 320

et al., 2023b), the prompts in iLLM-A* consist of 321

three components: a prompt template, incremen- 322

tal learning-based few-shot example augmentation, 323

and task instructions. 324

4.2.1 Prompt Template 325

The template first defines the LLM’s role as a path 326

planning specialist and specifies its primary destina- 327

tion: to generate an optimal path given the source 328

location, destination locations, and obstacles. It 329

then incorporates key constraints, including obsta- 330

cle avoidance, a minimum waypoint number (set 331

to 5 as in LLM-A*), and preferences for geomet- 332

rically optimal paths. Under these constraints, the 333

generated path is required to approximate the ge- 334

ometrically shortest path. The template further 335

standardizes the input/output format in JSON and 336

specifies systematic reasoning steps: (I) applying 337

A* to compute a collision-free shortest path, (II) 338

verifying the waypoint count, and (III) checking 339

constraint satisfaction. A prompt example is pre- 340

sented in Appendix C.1. 341

4.2.2 Incremental Learning Based Few-shot 342

Example Augmentation 343

A few-shot example repository (see Appendix C.2) 344

contains validated map–waypoint pairs as in- 345

context learning references. These examples are 346

incrementally updated based on performance vali- 347

dation on a set of maps. The purpose of this incre- 348

mental learning is to enrich the repository, enabling 349

the LLM to progressively adapt its waypoint gener- 350

ation strategy to diverse environments. 351

Given a map, the LLM first generates waypoints 352

using the current prompt, and the optimized A* 353

then searches for the path guided by these way- 354

points, denoted as πLLM . The optimal baseline 355

path from the source to the destination, planned 356

by the optimized A* alone, is denoted as πbase. 357

The quality of πLLM is evaluated by comparing its 358

path length, runtime, and memory usage against 359
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πbase. Only when πLLM satisfies specific con-360

straints regarding these three metrics, the corre-361

sponding map–waypoint example is considered362

high-quality and added to the repository. The repos-363

itory maintains a fixed size, replacing the oldest364

examples with new validated ones. Detailed mathe-365

matical definitions of these metrics and the specific366

update thresholds are provided in Appendix C.4.367

4.2.3 Task Instructions368

This component provides explicit instructions for369

the current planning query by integrating specific370

environmental parameters (the source, the destina-371

tion, and obstacles) with the template to activate372

problem-specific reasoning. An example of task373

instruction is presented in Appendix C.3.374

4.3 Appropriate Waypoint Selection375

Even with incremental learning, LLM-generated376

waypoints may contain redundant or deviating ones377

that compromise the efficiency of the A* algorithm.378

Inspired by the work (Karaman et al., 2011), we379

employ an empirically validated method to select380

the appropriate waypoints.381

We compare 4 subset selection methods:382

Uniform Selection, Source-Prioritized Selection,383

Destination-Prioritized Selection, and Random Se-384

lection. Detailed settings, metrics and results385

are provided in Appendix D. The source method386

achieves the highest scores for Memory and Run-387

time using 1 or 2 waypoints, while maintaining388

the optimality gap within 6% − 7%. The perfor-389

mance of all selection methods significantly de-390

grades given > 2 waypoints. This is consistent with391

the findings that LLMs exhibit distance-dependent392

degradation in spatial validity, making waypoints393

farther from the source more likely to be infeasi-394

ble (Farquhar et al., 2024; Valmeekam et al., 2022).395

Based on the empirical results, we select the396

waypoints as follows: if the LLM-generated way-397

point number is ≤ 2, all waypoints are used for398

planning; otherwise, only the first two waypoints399

closest to the source location are selected.400

4.4 Circle-based Neighboring Waypoint401

Connection402

The preliminary experiments above reveal that403

LLM-generated waypoints approach optimality in404

obstacle-dense environments but exhibit degraded405

quality in less constrained ones. To mitigate this406

spatial performance disparity, we implement an407

adaptive connection mechanism where the algo-408

rithm advances to the next waypoint when the cur- 409

rent search node enters a circular region of radius 410

r centered at the waypoint, rather than requiring 411

exact coordinate matching. The connection radius 412

r is defined as 413

r = β ·D · (1− ρlocal), (2) 414

where D =
√
W 2 +H2 is the map diagonal and 415

β is a scaling coefficient empirically set to 0.15. 416

The local obstacle density ρlocal is computed over 417

a square windowW of size ⌊0.4D⌋ × ⌊0.4D⌋ cen- 418

tered at the waypoint as 419

ρlocal =
Nobs(W)

Ntotal(W)
. (3) 420

The algorithm transitions when the Euclidean dis- 421

tance between the agent state s and the current 422

waypoint swp satisfies 423

∥s− swp∥2 < r. (4) 424

The mechanism produces tight connections (r → 425

0) in highly constrained environments and relaxed 426

connections (larger r) in less constrained areas, 427

thereby minimizing the influence of suboptimal 428

LLM-generated waypoints. We provide the com- 429

plete pseudocode and a step-by-step description of 430

the iLLM-A* algorithm in Appendix E. 431

5 Evaluation 432

5.1 Settings 433

5.1.1 Scenarios 434

We evaluate iLLM-A* on both synthetic maps and 435

widely adopted benchmarking maps: 436

Synthetic Maps:We leverage the LLM to gen- 437

erate synthetic maps with edge lengths N = 438

50, 100, . . . , 450. For the base map N = 50, we 439

generate five test groups with obstacle counts rang- 440

ing from 1 to 5; for larger maps, the obstacle num- 441

ber scales linearly with the map area. Each config- 442

uration includes 20 randomly generated instances, 443

totaling 900 maps. To assess scalability, we also 444

introduce challenging configurations with giant ob- 445

stacles (cross-shaped and long bar-shaped) absent 446

from the few-shot examples. Detailed generation 447

rules are provided in Appendix F.1. 448

Benchmarking Maps: We evaluate perfor- 449

mance on the MovingAI grid benchmarking 450

maps(Sturtevant, 2012). The dataset includes six 451

scenarios, scaled to N = 384, 512, . . . , 1024. For 452
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each scenario, we generate 100 test instances, to-453

taling 600 tasks. Since most MovingAI maps are454

ultra-large, LLM-A* is not implemented due to its455

execution runtime> 20min.456

5.1.2 Baselines457

We compare iLLM-A* with 5 baselines, including458

2 traditional algorithms, 2 learning-based algorithm459

and 1 LLM-Enhanced algorithm. A* (Hart et al.,460

1968): The exact heuristic graph search method,461

implemented as the standard binary-heap-based462

A* using the Euclidean distance as the heuristic463

function. JPS (Harabor and Grastien, 2011): A464

canonical search-acceleration method on uniform465

grids, implemented as the standard grid-based prun-466

ing variant of A*. Neural A* (Yonetani et al.,467

2021): A representative supervised-learning-based468

method. RLHA* (Ha et al., 2023): A represen-469

tative reinforcement-learning-based method. De-470

tailed training information are provided in Ap-471

pendix F.2. LLM-A* (Meng et al., 2024): LLM-A*472

is the SOTA LLM-enhanced path planning method.473

5.1.3 Metrics474

We evaluate all methods using four metrics. Pre-475

training Time (PreTime): This is the offline476

model training cost for learning-based methods,477

which is only applicable to Neural A* and RLHA*.478

Runtime: This is the runtime of an algorithm for479

planning the path. For iLLM-A* and LLM-A*,480

runtime includes both LLM query time and A*481

time. Memory: This is the maximum storage oc-482

cupied by an algorithm when planning the path.483

Path Length: This is the ratio of the obtained path484

length to the optimal path computed by Dijkstra’s485

algorithm, where 100% indicates optimality.486

All experiments are implemented in Python and487

executed on a computer equipped with a 12th Gen488

Intel Core i9-12900H processor and 2.5 GB RAM.489

Both LLM-A* and iLLM-A* use Qwen-TURBO490

via API as the LLMs component to maintain strict491

experimental control.492

5.2 Evaluation on Synthetic Maps493

5.2.1 Overall Performance Comparison With494

LLM-A*495

Table 1 demonstrates the runtime, memory and496

path length of LLM-A* and iLLM-A* given differ-497

ent map scales. iLLM-A* consistently outperforms498

LLM-A* across all metrics. On N = 250 and N =499

300 maps, iLLM-A* achieves 1050× (0.85s vs.500

Map Size
(N )

Runtime (s) ↓ Memory (MB) ↓ Path Length (%) ↓
LLM-A* iLLM-A* LLM-A* iLLM-A* LLM-A* iLLM-A*

50 0.08 0.54 0.061 0.059 110.47 100.01
100 0.91 0.55 1.13 0.64 101.69 101.03
150 16.52 0.55 1.96 0.98 106.86 104.5
200 34.65 0.61 2.43 1.02 112.3 103.26
250 285.15 0.73 2.75 1.57 108.22 103.63
300 438.86 0.82 5.17 2.14 104.04 101.93
350 892.63 0.85 10.23 2.71 107.28 103.17
400 — 0.85 — 2.54 — 102.37
450 — 1.02 — 3.62 — 104.00

"—" indicates runtime exceeds 20 minutes.
Table 1: Performance Given Different Map Sizes.

Metrics Method Map Size (N )
200 250 300 350 400 450

Runtime
(s) ↓

iLLM-A* 0.61 0.73 0.82 0.85 0.85 1.02
w/o LLM 0.57 0.95 1.62 2.83 3.35 5.16
w/o IncL 0.63 0.79 0.83 0.95 1.07 1.14
w/o WDS 0.63 0.82 0.85 0.87 1.09 1.37
w/o CNC 0.61 0.73 0.85 0.88 0.97 1.19
w/o Opt-A* 27.04 54.17 173.54 278.96 381.96 601.27

Memory
(MB) ↓

iLLM-A* 1.02 1.57 2.14 2.23 2.54 3.62
w/o LLM 3.35 3.61 8.69 13.37 14.10 28.67
w/o IncL 1.21 1.74 2.41 2.73 2.79 3.98
w/o WDS 1.34 1.93 5.23 6.52 5.47 6.13
w/o CNC 1.03 1.62 2.16 2.27 2.54 3.67
w/o Opt-A* 1.06 1.63 2.14 2.28 2.62 4.13

Path Length
(%) ↓

iLLM-A* 103.26 103.63 101.93 103.17 102.37 104.00
w/o LLM 100.00 100.00 100.00 100.00 100.00 100.00
w/o IncL 102.83 106.86 106.57 107.40 108.80 112.04
w/o WDS 109.03 106.10 104.50 105.00 104.25 108.52
w/o CNC 104.83 107.46 105.29 106.67 107.00 109.40
w/o Opt-A* 105.74 104.30 103.66 106.35 105.20 106.24

Table 2: Ablation Study on Large-scale Maps.

892.63s) speedups respectively. memory consump- 501

tion is similarly improved, with iLLM-A* achiev- 502

ing 73.5% savings on N = 350 maps. path lengths 503

are on average 102.39% of optimal across maps 504

with N ≤ 300, compared to 107.26% for LLM-A*, 505

reducing the optimality gap by 7.26−2.39
7.26 = 67.1%. 506

These gains stem from the strategic waypoint gener- 507

ation that effectively reduces the exploration space 508

of A* while incremental learning improves way- 509

point quality. 510

5.2.2 Ablation Study 511

Table 2 summarizes the path length, runtime, and 512

memory of iLLM-A* and its ablated variants across 513

map sizes. iLLM-A* outperforms all variants. Re- 514

moving the LLM (w/o LLM) increases runtime 515

and memory usage as the environment scales; at 516

N = 450, runtime rises from 1.02 s to 5.16 s 517

(5.1×) and memory from 3.62MB to 28.67MB 518

(7.9×). On smaller maps (N = 200), the variant 519

without LLM is slightly faster (0.57 s vs. 0.61 s) 520

because the fixed inference latency of LLM calls 521

dominates runtime. Excluding incremental learn- 522

ing (w/o IncL) increases path length by an aver- 523
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Figure 2: CDF of Path Length.

age of 4.4% and up to 112.04%, indicating its role524

in maintaining robustness across diverse environ-525

ments. Disabling the waypoint distribution strategy526

(w/o WDS) raises runtime by 1.34× and memory527

by 2.9×, because WDS helps reduce redundant528

node expansion. Removing the circle-based neigh-529

boring waypoint connection (w/o CNC) increases530

runtime (by 1.17×) and path length (by 3.4% on531

average); this aligns with preliminary results show-532

ing that CNC mitigates local detours. Excluding533

the optimal A* (w/o Opt-A*) causes pronounced534

slowdowns (up to 589×).535

5.2.3 Stability Analysis536

In multi-robot coordination scenarios, path plan-537

ning instability disrupts collaborative operations.538

To assess iLLM-A*’s consistency, we analyze path539

length stability. The Cumulative Distribution Func-540

tion (CDF) of the path length is shown in Figure 2.541

All path lengths of iLLM-A* are shorter than 105%,542

while about 54% of the path lengths of LLM-A*543

are longer than 105%. Furthermore, as detailed in544

Appendix G.2, the standard deviation (Std) of the545

path length of iLLM-A* is much smaller than that546

of LLM-A* for all maps, which shows iLLM-A*547

is more consistent.548

5.2.4 Scalability Analysis549

To assess iLLM-A*’s generalization beyond the550

few-shot training examples, we evaluate perfor-551

mance on maps with giant obstacles absent from552

the few-shot example. iLLM-A* achieves near-553

linear scalability and over 1000× speedup com-554

pared to LLM-A*, showing robustness even with555

unseen giant obstacles. Detailed scalability analy-556

sis is provided in Appendix G.1.557

5.3 Evaluation on MovingAI Maps558

We compare iLLM-A* with A* and JPS, Neural559

A* and RLHA* on the MovingAI maps (Sturte-560

vant, 2012) . iLLM-A* uses one map of each map561

scenario as the few-shot example, maintaining the562

same Qwen-TURBO configuration above, with-563

out dataset-specific tuning. Unlike Neural-A* and564

RLHA* which require tens of hours of pre-training, 565

iLLM-A* operates without training. 566

Figure 3 compares the runtime and memory of 567

different algorithms in the 6 MovingAI scenar- 568

ios. Overall, iLLM-A* is the most efficient al- 569

gorithm. For runtime, iLLM-A* runs 16− 121× 570

faster than A* and 10− 28× faster than JPS. It is 571

slower than Neural-A* but has a similar runtime 572

to RLHA*. This distinction stems from their infer- 573

ence mechanisms. Neural-A* is the fastest because 574

it uses a convolutional encoder that runs once to 575

produce global guidance. Therefore, its remain- 576

ing search operation is greatly cut down. However, 577

iLLM-A* is limited by the latency of calling the 578

LLM. Its total runtime is close to RLHA*, because 579

RLHA* embeds its neural network inside the node 580

expansion loop and adds a lot of extra computa- 581

tion. iLLM-A* achieves about 2 − 17× memory 582

reduction compared with all baselines. This comes 583

from two main reasons. First, iLLM-A* reduces 584

the large number of node expansions in the tradi- 585

tional search. Second, it does not need to store 586

the large network parameters required by learning- 587

based methods. 588

iLLM-A* shows advantages in structured envi- 589

ronments such as Baldur’s Gate, where rectangular 590

room layouts enable more accurate LLM-based 591

waypoint generation. Whereas, RLHA* achieves 592

lower latency in open terrain scenarios such as Star- 593

Craft, where the neural heuristics better accom- 594

modate irregular obstacle distributions. Neural-A* 595

achievers 12.23 × −51.23× larger memory due 596

to the resident network parameters. The learning- 597

based algorithms require retraining when deployed 598

in dynamic environments (Hüppi et al., 2022; 599

Wang et al., 2020). Training data further limit 600

their application: each learning-based algorithm 601

requires hundreds of labeled maps for each envi- 602

ronment type, whereas iLLM-A* operates with 603

few-shot examples per scenario. Compared to A*, 604

iLLM-A* achieves up to 121.38× speedup on the 605

1024 × 1024 StarCraft, alongside 63.6 − 93.3% 606

memory reduction. Compared to JPS, iLLM-A* 607

achieves 15.4− 52.2% lower memory and compet- 608

itive runtime performance, up to 28.46× faster on 609

the 1024 × 1024 StarCraft. Path length analysis 610

shows iLLM-A* produces near-optimal solutions 611

with only 2.99% of the optimality gap, which is 612

superior to RLHA* (3.58%). The maximum de- 613

viation (5.34%) occurs in the real-world city and 614

street scenarios, where sparse obstacles result in 615

suboptimal waypoints. 616
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Figure 3: Performance Comparison Across Different Map Sizes on MovingAI Maps.

Map
Path Length (%) ↓

A* JPS iLLM-A* Neural-A* RLHA*

Baldur’s Gate 100 100.35 101.57 101.29 103.23
Warcraft III 100 101.82 103.32 100.75 104.51
Dragon Age: Origins 100 102.34 102.46 101.57 103.40
StarCraft 100 100.47 103.27 101.16 105.35
Dragon Age 2 100 100.68 102.03 102.57 102.43
City/Street Maps 100 101.24 105.34 101.84 102.57

Average 100 101.15 102.99 101.53 103.58

Table 3: Path Length Comparison In Different Maps.

5.4 Comparison Over Different LLMs.617

This section investigates compatibility of iLLM-A*618

to different LLMs. Our experiments mainly test619

DeepSeek-V3.2-Thinking, Gemini-2.5-Pro, and620

Qwen-TURBO. All experiments are conducted621

on the MovingAI maps with a grid size of N =622

512. Detailed experimental data and analysis are623

provided in Appendix G.4. Experimental results624

show that iLLM-A* could achieve efficient path625

planning using different LLMs, while the specific626

advantages of different LLMs in reasoning may627

slightly impact the planning performance in terms628

of different metrics.629

6 Conclusion630

This work proposes iLLM-A*, a novel LLM-631

enhanced algorithm design for efficient path plan-632

ning in large-scale grid maps. iLLM-A* con-633

sists of: (I) Optimal Standard A*, (II) Waypoint 634

Generating by Incremental Learning-Based LLM, 635

(III) Appropriate Waypoint Selection, and (IV) 636

Circle-based Neighboring Waypoint Connection. 637

Due to the remarkable reasoning ability of LLM, 638

iLLM-A* requires no fine-tuning or pre-training. 639

Comprehensive evaluations are conducted on both 640

synthetic maps and MovingAI maps. iLLM-A* 641

achieves competitive short path, the 2nd short- 642

est runtime and the smallest memory, compared 643

with the legacy solutions. Specificlly, iLLM- 644

A* reduces the optimality gap of path length to 645

2.7%, which is only 37% of the gap of LLM-A* 646

(7.3%) and approaches JPS (1.15%) and Neural- 647

A* (1.53%), and better than RLHA* (3.60%). 648

iLLM-A* achieves 28.46 − 1050× speedup and 649

1.18− 14.92× memory cost reduction over most 650

existing traditional, Learning-based and SOTA 651

LLM-enhanced algorithms. Specifically, iLLM- 652

A* achieves up to 1050× speed up over LLM- 653

A*, the SOTA LLM-enhanced algorithm. Besides, 654

iLLM-A* achieves slightly longer runtime and 655

comparable short path length with Neural-A* (The 656

ever-known fastest algorithm with tens of hours of 657

pre-training). Whereas, iLLM-A* requires no pre- 658

training or fine-tuning, and saves up to 8.47×mem- 659

ory cost over Neural-A*. iLLM-A* using different 660

LLMs achieves similar superior performance. 661
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Limitations662

In our evaluation of LLM-enhanced path planning663

for large-scale grids, we acknowledge certain limi-664

tations regarding the evaluation scenarios and the665

inherent properties of LLMs.666

Firstly, our study does not cover dynamic or un-667

structured environments, notably excluding exclud-668

ing scenarios with moving obstacles. This focus669

on static grid maps limits the system’s real-world670

application. This suggests that the ability to han-671

dle changing environments is an important area for672

future work.673

Secondly, the efficacy of our framework relies674

on the inference speed of the LLM. For instance,675

while iLLM-A* significantly reduces the number of676

search nodes, the time cost of the LLM generation677

process can still be higher than simple traditional678

methods.679

In addition, though iLLM-A* balances efficiency680

and path quality effectively, it prioritizes scalability681

over the optimality of path length. Moreover, for682

extremely large maps, the model may face a "con-683

text window" limit. This means the model cannot684

read all the map information at once if the input685

prompt becomes too long.686

In summary, these limitations emphasize the687

need for future work to enhance the robustness688

and context handling of LLM-based planners.689
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A Additional Related Works 956

A.1 Traditional Path Planning Algorithms 957

Classical graph-search methods form the basis of 958

path planning. Exact Dijkstra’s algorithm (DlJK- 959

STRA, 1959) finds the optimal paths but it becomes 960

inefficient on large grid maps. Heuristic search 961

subsequently emerged as a more efficient alterna- 962

tive.The A* algorithm (Hart et al., 1968) augments 963

uniform-cost search with admissible heuristics, 964

preserving optimality while significantly reducing 965

unnecessary expansions. The Best-First Search 966

(BFS) (Pearl, 1984) emphasizes heuristic-driven 967

node expansion, which may yield suboptimal paths. 968

The Iterative Deepening A* (IDA*) (Korf, 1985) 969

achieves optimality with linear memory cost by 970

combining depth-first and heuristic search. The D* 971

Lite (Koenig and Likhachev, 2002) reuses previ- 972

ous search information for rapid replanning in dy- 973

namic environments, while the Lifelong Planning 974

A* (LPA*) (Koenig et al., 2004) extends this idea to 975

large-scale and repeated searches. The Jump Point 976

Search (JPS) (Harabor and Grastien, 2011) acceler- 977

ates grid-based A* by pruning symmetric nodes 978
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through key “jump points”. The Theta* (Nash979

et al., 2007) introduces line-of-sight checks, which980

enables any-angle paths closer to Euclidean opti-981

mality. The Hierarchical A* (HA*) (Holte et al.,982

1996) reduces the complexity through multi-level983

abstraction, and the HPA* (Botea et al., 2004) im-984

proves efficiency through refined inter-level transi-985

tions. The ANYA (Harabor and Grastien, 2013) ad-986

vanced the optimal any-angle search by operating987

over continuous intervals instead of discrete nodes.988

More recently, the Two-Oracular System (SRC +989

JPS+) (Salvetti et al., 2018) integrates dual-oracle990

frameworks for faster optimal search through syn-991

chronized tie-breaking and path compression.992

A.2 Learning-Based Path Planning993

Algorithms994

Recent advances in learning-based path planning995

have progressively integrated neural networks into996

the search frameworks. Early differentiable for-997

mulations such as Neural A* (Yonetani et al.,998

2021) enables end-to-end optimization by coupling999

convolutional encoders with the A* search. The1000

RLHA* (Ha et al., 2023) introduces online re-1001

inforcement learning to adapt heuristic estimates1002

during exploration. Building on structural reason-1003

ing, GNN-based methods such as GraphMP (Zang1004

et al., 2023) and PHIL (Pándy et al., 2022) learns1005

the graph heuristics from spatial topology, which1006

could be extended for general-purpose planning1007

tasks (Chen et al., 2024). Transformer-based ap-1008

proaches further expanded the heuristic modeling:1009

TransPath (Kirilenko et al., 2023) and its generative1010

successor (Kirilenko et al., 2025) capture the global1011

dependencies and instance-specific path priors for1012

grid and image-based navigation. Complementary1013

hybrid frameworks combines learning with search1014

or prediction, as in WHCA*-RL (Reijnen et al.,1015

2020) for multi-agent coordination and GNN-based1016

runtime guidance (Odense et al., 2022) for planner1017

selection.1018

A.3 LLM-enhanced Path Planning Algorithm1019

Recent progress in Large Language Models1020

(LLMs) has inspired their application in path plan-1021

ning. Early explorations such as Navigation with1022

LLMs (Shah et al., 2023) demonstrated that the1023

commonsense knowledge extracted from LLMs1024

could serve as semantic heuristics to guide tradi-1025

tional planners, hinting at their potential in spa-1026

tial reasoning. Building upon this idea, the LLM-1027

Planner (Song et al., 2023) and NavGPT (Zhou1028

et al., 2024) extend LLMs to embodied and vision- 1029

language navigation tasks, where the textual rea- 1030

soning was grounded in physical or visual contexts. 1031

To systematically evaluate such reasoning capabil- 1032

ity, the PPNL (Aghzal et al., 2024) introduced a 1033

benchmark for testing spatial–temporal planning 1034

capacity with few-shot or fine-tuned LLMs, expos- 1035

ing their instability in spatial consistency. In paral- 1036

lel, other research like the Empowering Robot Path 1037

Planning (Xie and Schwertfeger, 2024) and Robust 1038

Mobile Robot Path Planning via LLM-based Way- 1039

point Generation (Tariq et al., 2025) focuses on en- 1040

hancing map understanding and adaptive waypoint 1041

selection, thus improves the robustness in complex 1042

environments. Later works further emphasized 1043

structural reasoning, as exemplified by the Optimal 1044

Scene Graph Planning (Dai et al., 2024), which 1045

translates the natural-language goals into formal 1046

temporal logic for optimal task execution. Comple- 1047

mentarily, LLM-A* (Meng et al., 2024) integrated 1048

the LLM’s global reasoning with A*’s local opti- 1049

mality, providing a scalable hybrid paradigm for 1050

route planning. Despite these advances, most ex- 1051

isting algorithms still rely heavily on the prompt 1052

design, thus exhibit limited geometric precision. 1053

Recent work (Wei et al., 2022) shows the reason- 1054

ing strategies such as chain-of-thought prompting 1055

can only partially mitigate the instability of LLM 1056

in large-scale spatial domains. 1057

A.4 Literature Summary 1058

Traditional algorithms demand extremely high run- 1059

time and memory costs, which makes them un- 1060

suitable for large-scale maps. The learning-based 1061

methods depend on pretraining for specific tasks 1062

and struggle to scale effectively or adapt to new, un- 1063

seen scenarios. Research on LLM-enhanced path 1064

planning has evolved from using prompts to di- 1065

rectly guide LLM in map reasoning to integrating 1066

LLM reasoning with conventional planning meth- 1067

ods. Some of the works are based on prompt en- 1068

gineering to help the LLM reason on small-scale 1069

maps. But these LLMs often struggle with spa- 1070

tial illusion. The other LLM-enhanced algorithms 1071

improve performance through fine-tuning on large- 1072

scale domain datasets and directly learning from 1073

visual inputs such as images. However, they still re- 1074

quire large datasets and rely on high-quality prompt 1075

design, showing unstable performance on large- 1076

scale unseen maps. 1077

The SOTA LLM-enhanced algorithm, LLM- 1078

A* (Meng et al., 2024), advances this by integrat- 1079
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Density (%) N = 50 N = 100 N = 150
Red. Path Red. Path Red. Path

70 0.35 1.02 0.33 1.02 0.33 1.03
50 0.39 1.08 0.40 1.06 0.38 1.07
30 0.46 1.12 0.47 1.12 0.45 1.11

Red.: Redundant Ratio; Path: Path Length.

Table 4: Impact of Obstacle Density.

ing the global reasoning capacity of LLMs with1080

the local optimization of A*. However, LLM-A*1081

suffers from redundant or inconsistent waypoints1082

and results in limited performance. Motivated by1083

the remarkable paradigm of LLM-A* and its limita-1084

tions, an innovative LLM-enhanced path planning1085

algorithm, iLLM-A*, is introduced for much more1086

efficient path planning.1087

B Detailed Preliminary Analysis1088

This appendix provides the detailed experimental1089

settings, spatial structure analysis, and complexity1090

derivation supporting Section 3.1091

B.1 Experimental Settings and Spatial1092

Analysis1093

The evaluation considers 2D square grid maps with1094

equal edges N . The obstacle length is randomly1095

assigned within 5 and 10 grids. For each configu-1096

ration, 20 map instances are generated randomly.1097

We define a waypoint as redundant if removing1098

it and recomputing the path yields both a shorter1099

runtime and a shorter path length. The redundant1100

ratio is the ratio of redundant waypoints to the to-1101

tal number of waypoints. Table 4 shows the path1102

length and redundant ratio. The results demonstrate1103

that when obstacle density decreases from 70% to1104

30%, the optimality gap increases from 2%− 3%1105

to 11% − 12%, and the redundant ratio increases1106

from 33% to 47%.1107

B.2 Complexity Derivation of A* in LLM-A*1108

The total time complexity of operating the1109

OPEN list (including inserting and sorting) is1110

O(NwpNopen logNopen), where Nwp is the way-1111

point number and Nopen is the list length. The1112

complexity of checking the CLOSED list is1113

O(NopenNclosed). Detecting collisions requires1114

O(NopenNclosedNob). Thus, the total complexity1115

is:1116

O(NwpNopen logNopen+NopenNclosedNob) (5)1117

In the worst case, Nopen and Nclosed may approach1118

N2, explaining the exponential runtime increase.1119

C Prompt Design and Incremental 1120

Few-shot Learning Details 1121

This appendix outlines the prompting strategy and 1122

Incremental Few-shot Learning Details. We design 1123

a structured prompt consisting of three components. 1124

Below, we explain each component and refer to the 1125

corresponding templates. 1126

C.1 Static Prompt Template 1127

The template in Table 6 defines the query rules. 1128

It arranges the LLM as a planning expert. Key 1129

constraints include strict obstacle avoidance and 1130

a minimum waypoint count. The template also 1131

mandates a standardized JSON output to ensure the 1132

path is executable. 1133

C.2 Incremental Few-shot Examples 1134

We utilize incremental learning through the exam- 1135

ples in Table 7. This module provides validated 1136

map-waypoint pairs as references. Crucially, we 1137

update these examples incrementally based on per- 1138

formance. This mechanism allows the model to 1139

adapt its strategy to diverse environments. 1140

C.3 Task-Specific Instructions 1141

This final component activates the specific plan- 1142

ning task (see Table 8). It integrates the current 1143

source, destination, and barriers. By combining 1144

these details with the previous rules, it triggers the 1145

model to generate the final path. 1146

C.4 Details of Incremental Learning 1147

This appendix details the performance validation 1148

metrics and update mechanisms for the few-shot 1149

repository. As defined, πLLM represents the path 1150

guided by LLM-generated waypoints, and πbase 1151

represents the optimal baseline path. The path 1152

length, runtime, and memory of πLLM are eval- 1153

uated using the following inequalities: 1154

|Length(πLLM )− Length(πbase)|
Length(πbase)

≤ θlength,

(6) 11551156
Runtime(πLLM )

Runtime(πbase)
≤ θruntime, (7) 1157

1158
Memory(πLLM )

Memory(πbase)
≤ θmemory, (8) 1159

where Length(π) is the path length, 1160

Runtime(π) is the runtime, and Memory(π) is 1161

the maximum occupied storage used for planning 1162
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path π. If πLLM satisfies Eq.(6)–(8), it implies that1163

its length is within (1 + θlength) of the shortest1164

path, and its runtime and memory costs are1165

within θruntime and θmemory of the optimized A*,1166

respectively.1167

In our implementation, the three thresholds1168

θlength, θruntime, and θmemory are set to 0.1. This1169

strict filtering ensures the quality of the validated1170

examples. The repository is augmented with a1171

maximum capacity of 10 examples; if more maps1172

become available, the oldest ones are replaced to1173

maintain the repository’s relevance and diversity.1174

D Waypoint Selection Study1175

D.1 Empirical Study Settings1176

Similarly to LLM-A*, we require LLM to gener-1177

ate at least 5 waypoints. The datasets used for1178

this evaluation are the same as Section 5.2.1. We1179

compare four subset selection strategies: Uniform1180

Selection (uniformly choosing some waypoints,1181

abbr. Uniform), Source-Prioritized Selection1182

(prioritizing waypoints closer to the source, abbr.1183

Source), Destination-Prioritized Selection (pri-1184

oritizing waypoints closer to the destination, abbr.1185

Destination), and Random Selection (randomly1186

choosing waypoints, abbr. Random). For each1187

method, we select 1 to 4 waypoints and evaluate1188

performance, with each group repeated over 301189

runs.1190

The evaluation adopts a two-stage metric com-1191

putation process. First, we repeat the algorithm for1192

30 trials and obtain the average values of the path1193

length, runtime, and memory. Then, we normalize1194

the runtime and memory to [0, 1]:1195

Scorenormalized =
xmax − xcurrent
xmax − xmin

, (9)1196

where xcurrent is the mean value of runtime or1197

memory, and xmax and xmin are the maximum1198

and minimum values across all trails for the given1199

map scale. Larger Scorenormalized value indicates1200

better performance. The final scores are obtained1201

by averaging Scorenormalized across different map1202

scales.1203

D.2 Empirical Results Analysis1204

Table 5 shows the source method achieves the high-1205

est scores of 0.973
0.984 for Memory and 0.972

0.982 for Run-1206

time using 1 − 2 waypoints, while maintaining1207

the optimality gap of the path length within only1208

6% − 7%. The performance of all the selection1209

Metrics Method
Number of Selected Waypoints

1 2 3 4

Runtime Score
↑

Source 0.972 0.982 0.221 0.413
Uniform 0.420 0.780 0.743 0.374
Random 0.354 0.716 0.662 0.238

Destination 0.323 0.235 0.477 0.275

Memory Score
↑

Source 0.973 0.984 0.234 0.406
Uniform 0.405 0.778 0.745 0.338
Random 0.633 0.711 0.674 0.223

Destination 0.054 0.233 0.466 0.261

Path Length
(%) ↓

Source 104 103 104 104
Uniform 102 105 105 103
Random 105 104 103 104

Destination 105 103 104 103

Bold values indicate the best performance.

Table 5: Waypoint Selection Performance Given Differ-
ent Methods.

methods significantly degrades given > 2 way- 1210

points. 1211

E Pseudocode of iLLM-A* 1212

Algorithm1 presents the comprehensive workflow 1213

of iLLM-A*. Lines 1–3 describe the initializa- 1214

tion, where the OPEN list is initialized with the 1215

source s, and the LLM generates candidate way- 1216

points using the incremental-learning prompt. The 1217

experience-driven selection mechanism determines 1218

the final waypoints. Lines 4–8 describe the main 1219

search loop, which expands the node with the low- 1220

est f -cost until the destination sg is reached or the 1221

OPEN list becomes empty. Lines 9–13 describe the 1222

neighboring waypoints connection process. The 1223

target is updated once the search node enters the 1224

active region and relevant f -values are locally ad- 1225

justed. Lines 14–24 describe the A*-style expan- 1226

sion guided by LLM-informed heuristics: tentative 1227

costs are evaluated, parent relations and f -scores 1228

are updated when improvement occurs, and feasi- 1229

ble neighbors are added to OPEN. The loop termi- 1230

nates as shown in Lines 25–26, followed by path 1231

reconstruction in Line 27. Lines 28–29 describe the 1232

incremental update of the few-shot prompt reposi- 1233

tory based on the trajectory and performance. 1234

F Detailed Experimental Settings 1235

F.1 Details of Synthetic Maps Generation 1236

The edge lengths are N = 50, 100, . . . , 450. For 1237

the smallest map (N = 50), we generate five test 1238

groups with obstacle counts of 1 to 5. For larger 1239

maps (N ≥ 100), the obstacle number increases 1240

linearly with the map area. For example, when 1241

N = 450, the baseline of 3 obstacles scales to 1242
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Table 6: Static Prompt Template for LLM Waypoint Generation.

Module I: Static Prompt Template

# Role
You are an expert specializing in computational geometry and path planning.

# Goal
Generate an optimal path from source point to destination point based on the given source position,
destination position, and obstacle information.
# Constraints
Strictly adhere to the following rules:
1. Obstacle Avoidance: The path must not contact or intersect any obstacles in any form.
2. Path Point Count: The final path must contain at least 5 coordinate points (including source and
destination points). Interpolation Rules: If the initially calculated path contains fewer than 5 points,
uniformly insert additional points between the longest path segments until the quantity requirement
is satisfied. Inserted points should ensure path smoothness and avoid unnecessary sharp angles.
3. Path Optimality: Under the premise of satisfying all above constraints, the generated path should
approximate the geometrically shortest path.
# Input and Output Format
Input: Source point Source: [x, y], Destination point destination: [x, y], Horizontal barriers
horizontal_barriers: [[y, x_start, x_end], ...], Vertical barriers vertical_barriers:
[[x, y_start, y_end], ...]
Output: Must strictly follow the JSON array format: Generated Path: [[x1, y1], [x2, y2],
..., [xN, yN]]
# Workflow
1. Initial Pathfinding: Based on A* algorithm logic, identify a shortest path that avoids all obstacles.
2. Verification: Check the path point count. If fewer than 5 points, add intermediate points according
to Core Constraint
3. Final Validation: Before output, verify that the generated path completely satisfies all core
constraints.

3× (450/50)2 = 243 obstacles. The width of each1243

small obstacle equals one grid, and the length is1244

randomly distributed between 5 and 10 grids. For1245

extra giant obstacles (see Scalability Analysis), the1246

length is randomly distributed within 50%− 60%1247

of the edge length. One giant cross-shaped obsta-1248

cle lies in the intermediate region, forcing feasible1249

paths to detour far from the straight line. The other1250

includes 3 long bar-shaped obstacles parallel to an1251

edge.1252

F.2 Learning-based baselines Training Details1253

For the learning-based baselines mentioned in the1254

main text, we applied the following retraining pro-1255

tocols:1256

Neural A* (Yonetani et al., 2021): It is retrained1257

with the official network architecture and hyperpa-1258

rameters, except for batch size (32) and number1259

of epochs (50). Each scenario category uses 5001260

training maps sampled from the MovingAI dataset,1261

strictly separated from 600 test instances.1262

RLHA* (Ha et al., 2023): It is retrained fol- 1263

lowing the original reinforcement learning setup 1264

with the same modifications to batch size (32) and 1265

epochs (50). The same dataset partitioning protocol 1266

as Neural A* is applied. 1267

G Full Evaluation Results 1268

G.1 Scalability Analysis 1269

We insert two kinds of giant obstacles absent from 1270

the few-shot example, as illustrated inFigure 4. 1271

One giant cross-shaped obstacle lies in the inter- 1272

mediate region between the source and destination, 1273

forcing feasible paths to detour far from the straight 1274

line connecting them. The other includes 3 long 1275

bar-shaped obstacles parallel to an edge, forcing 1276

feasible paths to detour multiple times. 1277

Table 9 shows that iLLM-A* achieves near- 1278

linear scalability for the map with one interme- 1279

diate giant obstacle, with times scaling linearly 1280

with the map size, ranging from 0.49s to 1.15s 1281
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Table 7: Few-shot Examples for In-context Learning.

Module II: Dynamic Few-shot Examples

Input:
source: [94, 321]
destination: [706, 668]
horizontal_barriers: [[494, 166, 634], [474, 57,
386]]
vertical_barriers: [[247, 182, 632], [553, 387,
775]]
Output:
Generated Path: [[94, 321], [217, 211], [341,
275], [464, 387], [588, 421], [650, 544], [706,
668]]

[10 In-context demonstrations abbreviated]

Table 8: Task-Specific Instructions and Input Template.

Module III: Task Instructions

Generate intermediate waypoints for the follow-
ing input. If input data is ambiguous or con-
straint conditions contain logical conflicts, ex-
plicitly identify the problematic areas. Ensure
the path generation is completely based on the
provided input data. A path that perfectly fol-
lows all constraints will be considered a success-
ful response.
Source Point: {source}
Destination: {Destination}
horizontal_barriers: {horizontal_barriers}
vertical_barriers: {vertical_barriers}
Generated Path:

across all map sizes. In contrast, LLM-A* can-1282

not complete the planning tasks on the map with1283

N ≥ 350. Given N = 300, the runtime of1284

LLM-A* is 1199.2× longer than that of iLLM-A*1285

(1043.31s vs. 0.87s). The path length consistently1286

remains within 100% and 105.28%. The memory1287

of iLLM-A* is also only about half of that of LLM-1288

A*. The results for maps with long bar-shaped1289

obstacles are similar and are illustrated in Table 10.1290

For maps with N = 300, the runtime of LLM-A*1291

is about 1000× longer than that of iLLM-A*. The1292

results are consistent with those in Table 1, which1293

shows the robustness of iLLM-A* in diverse maps,1294

even with unseen giant obstacles in the Few-shot1295

examples.1296

Map Size
(N )

Runtime (s) ↓ Memory (MB) ↓ Path Length (%) ↓
LLM-A* iLLM-A* LLM-A* iLLM-A* LLM-A* iLLM-A*

50 0.54 0.49 0.14 0.07 102.20 100.00
100 4.05 0.53 0.44 0.30 107.22 103.75
150 19.35 0.55 2.74 1.11 107.33 103.83
200 145.92 0.65 3.18 1.34 105.85 103.80
250 375.51 0.83 3.87 1.56 104.74 105.28
300 1043.31 0.87 5.63 2.45 103.85 104.82
350 — 0.94 — 3.23 — 102.91
400 — 1.03 — 3.28 — 103.83
450 — 1.15 — 3.37 — 105.42

"—" indicates runtime exceeds 20 minutes.

Table 9: Performance for the map with one intermediate
cross-shaped obstacle (see Figure 4(a)).

Map Size
(N )

Runtime (s) ↓ Memory (MB) ↓ Path Length (%) ↓
LLM-A* iLLM-A* LLM-A* iLLM-A* LLM-A* iLLM-A*

50 0.69 0.55 0.24 0.15 104.78 100.00
100 6.34 0.57 0.87 0.56 100.65 100.83
150 26.31 0.57 1.78 1.05 105.06 103.67
200 125.43 0.64 3.28 1.12 104.95 105.11
250 436.23 0.69 5.14 2.11 103.86 104.41
300 964.74 0.81 6.42 2.08 105.92 103.20
350 — 0.87 — 2.38 — 104.22
400 — 0.92 — 2.64 — 105.75
450 — 1.15 — 2.89 — 104.54

"—" indicates runtime exceeds 20 minutes.

Table 10: Performance for the maps with long bar-
shaped obstacles (see Figure 4(b)).

G.2 Stability Analysis Details 1297

To further verify the stability of iLLM-A*, Table 11 1298

illustrates the path length Std in different sizes of 1299

maps. iLLM-A* achieves significantly lower Std 1300

across all map sizes compared to LLM-A*. For 1301

instance, at N = 50, iLLM-A* achieves a Std of 1302

0.00, and at N = 250, the Std of iLLM-A* is only 1303

0.46, whereas LLM-A* reaches 5.56. This compar- 1304

ison confirms the better consistency of iLLM-A*. 1305

G.3 Visualization of Planned Paths on 1306

MovingAI Maps 1307

Table 12 compares the pre-training time across dif- 1308

ferent methods. Neural-A* and RLHA* require 1309

tens of hours of pre-training, whereas iLLM-A* 1310

operates without training. 1311

Figure 5 first visualizes the planed path examples 1312

of iLLM-A* and A* across 6 different MovingAI 1313

map scenarios. The paths of iLLM-A* closely 1314

match the optimal paths of A*, demonstrating its 1315

near-optimal path. Slight differences appear in 1316

the Warcraft III and Real-world City/Street Maps 1317

scenario, where the planned path still remain close 1318

to the optimal ones in path length. Some LLM- 1319

generated waypoints do not lie directly on the final 1320

path due to the circle-based neighboring waypoint 1321

connection (Section 4.4). 1322
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Source:                 Destination:             Path:

Baseline Obstacles：         Giant Obstacles：

        (a)                                            (b)

Figure 4: Basic Concept of The Gaint Obstacles: (a)
Cross-Shaped Obstacles; (b) Long Bar-Shaped Obsta-
cles.

Map Size
(N )

Path Length Std (%) ↓
LLM-A* iLLM-A*

50 0.63 0.00
100 1.67 0.27
150 3.06 0.64
200 4.97 2.82
250 5.56 0.46
300 3.46 1.20

Table 11: Path Length Std on Different Map Sizes.

G.4 Results on LLM Variants1323

In this section, we present the detailed evalua-1324

tion results of iLLM-A* using different LLMs, as1325

shown in Table 5 and 6. These comprehensive1326

results further support the empirical findings dis-1327

cussed in the experimental sections. All experi-1328

ments are conducted on the MovingAI maps with1329

a grid size of N = 512. The few-shot prompts1330

and search parameters across different LLMs are1331

maintained identical to ensure that LLM is the only1332

variable factor.1333

Table 13 shows the path length, runtime and1334

memory of iLLM-A* using on different LLMs.1335

On general, DeepSeek and Gemini achieve sim-1336

ilar superio performance with Qwen. However,1337

the three LLMs show somewhat different specific1338

advantages in terms of different metrics. Specif-1339

ically, DeepSeek and Gemini achieves a little bit1340

longer runtime and similar memory, while a little1341

bit shorter path length, than Qwen. The runtime of1342

DeepSeek and Gemini is 1.6− 7× longer (worse),1343

while the optimality gap of the path length of1344

DeepSeek and Gemini is 1.2− 13.1× smaller (bet-1345

ter) than that of Qwen. This is because DeepSeek1346

and Gemini conduct is better at powerful reason-1347

ing on the maps, and thus generate higher quality1348

waypoints. To summarize, iLLM-A* could achieve1349

efficient path planning using different LLMs, while1350

the specific advantages of different LLMs in reason-1351

ing may slightly impact the planning performance1352

Map
PreTime (s) ↓

A* JPS iLLM-A* Neural-A* RLHA*

Baldur’s Gate 0 0 0 72,356 43,436
Warcraft III 0 0 0 69,463 49,524
Dragon Age: Origins 0 0 0 84,368 53,564
StarCraft 0 0 0 101,345 47,325
Dragon Age 2 0 0 0 75,683 36,275
City/Street Maps 0 0 0 84,543 67,453

Table 12: PreTime comparison across different maps.

in terms of different metrics. 1353
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(d)

(a)

                SOURCE:                  DESTINATION:               WAYPOINT：              STANDARD PATH:                               ILLM-A* PATH:

(c)

(f)(e)

(b)(a)

(d)

(c)

(e)

Figure 5: Visualization of Planed Path Examples of iLLM-A* on MovingAI Maps: (a) Baldur’s Gate II, (b) Warcraft
III, (c) Dragon Age: Origins, (d) StarCraft, (e) Dragon Age 2, (f) Real-world City/Street Maps.

Maps LLMs Runtime (s) ↓ Memory (MB) ↓ Path Length (%) ↓

Baldur’s Gate
DeepSeek-V3.2-Thinking 4.33 3.02 100.12

Gemini-2.5-Pro 3.14 3.74 101.33
Qwen-TURBO 0.89 3.12 101.57

Dragon Age 2
DeepSeek-V3.2-Thinking 5.67 2.47 101.17

Gemini-2.5-Pro 2.34 3.63 100.97
Qwen-TURBO 1.01 2.14 102.03

Dragon Age: Origins
DeepSeek-V3.2-Thinking 4.37 3.42 102.71

Gemini-2.5-Pro 3.31 4.01 101.68
Qwen-TURBO 0.61 3.25 102.46

City/Street Maps
DeepSeek-V3.2-Thinking 5.69 4.07 101.18

Gemini-2.5-Pro 3.35 4.21 102.54
Qwen-TURBO 1.03 3.46 105.34

StarCraft
DeepSeek-V3.2-Thinking 3.06 4.28 101.05

Gemini-2.5-Pro 2.41 4.92 102.20
Qwen-TURBO 1.54 4.73 103.27

Warcraft III
DeepSeek-V3.2-Thinking 3.49 2.97 101.13

Gemini-2.5-Pro 3.25 3.13 101.21
Qwen-TURBO 0.95 2.69 103.32

Table 13: Performance comparison of different LLMs.
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Algorithm 1 iLLM-A*
Require: Source s0, destination sg, OBSTACLE

set obs, heuristic function h(), cost function
g(), LLM llm(), Prompt template Prompt

1: OPEN list Oopen ← {s0}, CLOSE list
Cclose ← {}

2: TARGET list T ←
experience_driven_selection(llm(s0, sg,
obs, Prompt)) // Mechanism I & II

3: TARGET state t ← Tsource, g(s0) ← 0,
f(s0)← h(s0), Parent← {}

4: while Oopen ̸= ∅ do
5: sa ← argmins∈Oopen f(s)
6: if sa = sg then
7: break
8: end if
9: Remove sa from Oopen, Add sa to Cclose

10: for all neighbors sn ∈ N [sa] do
11: if euclidean_distance(sn, t) < r and

sg ̸= t then
12: t← Tnext, Partially update f -cost

of states in Oopen // Mechanism III
13: end if
14: if sn ∈ Cclose then
15: continue
16: end if
17: gtent ← g(sa) + cost(sa, sn)
18: if sn /∈ Oopen or gtent < g(sn) then
19: g(sn)← gtent, Parent[sn]← sa
20: f(sn) ← g(sn) + h(sn, sg) +

h(sn, t)
21: if sn /∈ Oopen then
22: Add sn to Oopen

23: end if
24: end if
25: end for
26: end while
27: π ← reconstruct_path(sa)
28: Prompt ← incremental_learning(π, T , met-

rics)
29: return π
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