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Abstract001

Planning under resource constraints is central002
to real-world decision making, yet most large003
language model (LLM) planners assume uni-004
form action costs. We systematically analyze005
whether tree-search LLM planners are cost-006
aware and whether they efficiently generate007
budget-feasible plans. In contrast to black-box008
prompting, explicit search trees expose interme-009
diate decisions, node evaluations, and failure010
modes, which allows for controlled ablations of011
planner behavior. We study depth-first search,012
breadth-first search, Monte Carlo Tree Search,013
and bidirectional search within a unified frame-014
work. Our experiments show that existing tree-015
based LLM planners often struggle to find cost-016
optimal plans, and that additional search com-017
putation does not reliably improve optimality.018
Among the methods evaluated, bidirectional019
search achieves the best overall efficiency and020
success rate. MCTS achieves the highest op-021
timality on short-horizon tasks. Tree-search022
planners are especially valuable for studying023
LLM planning because their reasoning steps024
are explicit, in contrast to plain LLMs that inter-025
nalize planning dynamics through post-training026
trajectories. Our findings suggest that improv-027
ing LLM planning under resource constraints028
will likely require new search algorithms, rather029
than solely scaling inference-time compute.030

1 Introduction031

Planning is a fundamental component of human in-032

telligence, involving the generation of a sequence033

of actions to achieve a desired goal (Russell et al.,034

1995). Recently, large language models (LLMs)035

have emerged as promising planners due to their036

broad world knowledge, strong reasoning capabili-037

ties, and demonstrated success across a wide range038

of complex domains (Huang et al., 2024b; Wei039

et al., 2025), including task scheduling, e.g., travel040

and time management (Zheng et al., 2024; Oh et al.,041

2025), game playing (Wu et al., 2023; Chen et al.,042

2023; Huang et al., 2024a; Yang et al., 2025; Wang043

et al., 2023), tool use (Wang et al., 2025), and em- 044

bodied decision-making (Ahn et al., 2022; Huang 045

et al., 2022; Zhou et al., 2024b). 046

However, most existing LLM-based planners im- 047

plicitly assume uniform action costs (Yao et al., 048

2022; Singh et al., 2023; Sun et al., 2023; Prasad 049

et al., 2024), treating all actions as equally expen- 050

sive regardless of the resources they consume. In 051

reality, actions often incur heterogeneous costs in 052

terms of energy, time, or monetary expense, by an 053

executor such as a human or a robot. This simplify- 054

ing assumption significantly limits the applicability 055

of LLM planners in real-world domains, where re- 056

source constraints are often critical. In practical 057

settings (e.g., fire-fighting robots with limited bat- 058

tery capacity), ignoring heterogeneous action costs 059

can lead to plans that exceed budget constraints, re- 060

sulting in infeasible execution or even catastrophic 061

failures. 062

(RQ1). We investigate whether tree-search LLM 063

planners such as Tree-of-Thoughts (ToT; Yao et al. 064

(2023)) and MCTS (Hao et al., 2023) are inher- 065

ently cost-aware, that is, whether they account 066

for heterogeneous action costs and explicit bud- 067

get constraints during plan generation. We con- 068

sider a broad class of search strategies, including 069

depth-first search (DFS), breadth-first search (BFS), 070

Monte Carlo Tree Search (MCTS; Świechowski 071

et al. (2022)), and bidirectional search (Sadhukhan, 072

2012; Ren et al., 2024), the last of which to the best 073

of our knowledge has not been thoroughly explored 074

in the LLM planning literature. 075

Compared to Input–Output (IO) and Chain-of- 076

Thought (CoT) prompting (Wei et al., 2022), tree- 077

based search methods generally achieve superior 078

planning performance due to their ability to explore 079

a larger solution space, leverage search policies to 080

guide exploration, and incorporate self-correction 081

through backtracking or rollouts. These properties 082

increase the likelihood of finding feasible and po- 083

tentially optimal plans under complex constraints. 084

Moreover, unlike classical cost-sensitive search 085
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algorithms such as A* search (Su et al., 2025),086

tree-search methods investigated in this study do087

not require task-specific reward or heuristic de-088

sign, which simplifies their deployment and enables089

a more general and flexible planning framework090

across diverse domains.091

(RQ2). We examine whether tree-search meth-092

ods can efficiently generate cost-feasible plans093

under explicit budget constraints while requiring094

fewer tree-node expansions. This question is crit-095

ical because tree-based methods are computation-096

ally expensive due to extensive node expansion and097

exploration, a challenge that is further amplified098

when LLMs are used to propose actions, evaluate099

states, and model state transitions.100

We evaluate planner performance under three101

budget regimes with increasing flexibility: (a)102

TIGHT, where the budget equals the cost of the103

ground-truth optimal plan; (b) LOOSE, which al-104

lows a bounded cost overrun defined as the optimal105

cost plus a margin; solutions within this margin are106

considered acceptable even if they are not strictly107

optimal; and (c) UNLIMITED, which imposes no108

budget constraint and accepts all valid plans. For109

each LLM planner, we measure: Success rate, de-110

fined as the proportion of tasks for which the plan-111

ner generates a valid, executable plan that satisfies112

the specified budget regime; Optimality, how close113

the cost of generated plans is to the minimum-cost114

optimal plan; and Search efficiency, measured by115

the number of tree-node expansions required to find116

a budget-feasible plan.117

Our study yields three main observations. First,118

tree-based LLM planners often struggle to iden-119

tify cost-optimal plans. Second, increasing search120

computation does not consistently lead to improved121

optimality. Third, we compare multiple tree-search122

algorithms and find substantial differences in effi-123

ciency: bidirectional search emerges as the most124

efficient approach, while also achieving higher suc-125

cess rates on long-horizon tasks. Collectively, these126

findings highlight two promising directions for ad-127

vancing cost-aware LLM planning: (a) learning128

cost-aware reward models to better guide node ex-129

pansion, and (b) incorporating principled infeasi-130

bility pruning based on cumulative cost and lower131

bounds on remaining cost to eliminate branches132

that cannot satisfy budget constraints or improve133

upon the current best plan.134

2 Related Work135

Tree-Search LLM Planners. Prior work on136

LLM-assisted planning has explored various tree-137

search paradigms, such as depth-first search (DFS), 138

breadth-first search (BFS), and Monte Carlo Tree 139

Search (MCTS). BFS and DFS form the basis of 140

Tree-of-Thoughts (ToT; Yao et al., 2023), which 141

enables systematic exploration and self-correction 142

through intermediate reasoning states, with subse- 143

quent analyses examining bounded variants to bal- 144

ance solution quality and computational cost (Katz 145

et al., 2024). MCTS-based planning methods inte- 146

grate LLMs as policy, value, or world models to 147

balance exploration and exploitation via rollouts, 148

achieving improved robustness and generalization 149

on complex planning tasks (Świechowski et al., 150

2022; Hao et al., 2023; Zhou et al., 2024a; Zhang 151

et al., 2025). Moreover, implicit search shifts the 152

burden of exploration from inference time to train- 153

ing time. During post-training, the LLM learns to 154

generate action sequences that yield high rewards, 155

effectively internalizing a search policy over a la- 156

tent space of trajectories (Zhou et al., 2024a; Par- 157

mar et al., 2025). 158

However, existing approaches primarily opti- 159

mize for task success or reasoning quality and 160

largely ignore heterogeneous action costs and ex- 161

plicit budget constraints. In contrast, our work sys- 162

tematically studies the cost awareness and search 163

efficiency of LLM-based tree-search planners, eval- 164

uating their ability to generate cost-feasible plans 165

under budget constraints while minimizing tree- 166

node expansions. 167

Cost-Aware Planning. Planning is a core com- 168

ponent of human intelligence, centered on gener- 169

ating action sequences to explore solutions and 170

support decision-making (Hayes-Roth and Hayes- 171

Roth, 1979; Mattar and Lengyel, 2022; Su, 2023). 172

Much of the prior work emphasizes planning com- 173

pleteness, i.e., whether a planner can find a feasible 174

plan when one exists (Puig et al., 2018; Shridhar 175

et al., 2020; Valmeekam et al., 2023; Li et al., 2025; 176

Parashar et al., 2025). More recent studies incorpo- 177

rate action costs, making benchmarks more realis- 178

tic by requiring solutions to balance feasibility with 179

optimality (Wu et al., 2025; Liu et al., 2025; Qian 180

et al., 2025). TravelPlanner is a commonly used 181

cost-aware benchmark, but it primarily evaluates 182

executability: the objective is to produce a plan 183

that satisfies all constraints rather than to minimize 184

cost (Xie et al., 2024). In contrast, many other cost- 185

aware benchmarks are difficult to scale in difficulty 186

or to evaluate reliably, especially with respect to 187

intermediate states and plan correctness. For these 188

reasons, we use BlocksWorld as our testbed (Kamb- 189

hampati et al., 2024). 190
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Figure 1: A visual comparison of four tree-based LLM planners included in this study, where node color intensity
indicates search priority. ToT-BFS combines an LLM with breadth-first search, exhaustively exploring all nodes at
each depth. ToT-DFS uses depth-first search, prioritizing deeper expansions during the search process. MCTS
implements the Monte Carlo Tree Search (MCTS), combining exploration and previous roll-out by Upper Confidence
Bounds for Trees (UCT equation 1) to dynamically guide the search process. Bidirectional Search (Bi-Search)
incorporates two search trees, one from the initial state, one from the goal state, and alternates expansions to find a
connecting state, thereby reducing effective search depth and pruning the search space.

3 Methods191

We study cost-constrained planning problems192

where a planner is given an initial state s0, a goal193

state sg, a budget limit B, and an action set A.194

Executing an action a ∈ A in a state induces a195

transition to a successor state and incurs an action-196

dependent cost c(a). The planner’s objective is197

to select an action sequence A′ = [a1, a2, . . . , ak]198

such that applying these actions from s0 reaches199

the goal state sg. In addition to goal reachability,200

the plan must satisfy the budget constraint, i.e., the201

total cost
∑k

i=1 c(ai) does not exceed B.202

3.1 Tree-based LLM planner203

We study representative tree-search planners that204

integrate an LLM into the search loop, differing205

mainly in (1) how search policy is determined206

and (2) tree search structure, which determines207

whether the planner expands a single forward tree208

rooted at the initial state or two coupled trees rooted209

at the initial and goal states that terminate when210

the frontiers meet (Figure 1). Across all meth-211

ods, a search node represents a partial plan prefix212

Apartial = [a1, . . . , at], with t ∈ [1,K] where K is213

the maximum allowed number of actions per tra-214

jectory, and executing this prefix from s0 yields215

the intermediate state st. Each node maintains the216

proposed action, state, the accumulated execution217

cost, and a scalar score used to prioritize further218

expansion (defined in §3.2). A node becomes ter-219

minal when it reaches the goal state or exceeds the220

maximum number of allowed actions per trajectory221

Tree-of-Thought (BFS/DFS). ToT explores the222

tree in a BFS/DFS-style manner by prompting the223

LLM to propose multiple candidate next actions224

from the current state st. At each expansion, we 225

sample m actions {a(j)t+1}mj=1, execute them to ob- 226

tain successor states {s(j)t+1}, score each child with 227

reward r
(j)
t+1, and select which nodes to continue 228

expanding using either depth-first (DFS) or breadth- 229

first (BFS) traversal 230

Monte Carlo Tree Search (MCTS). MCTS bal- 231

ances exploration and exploitation via iterative se- 232

lection, expansion, simulation, backpropagation. 233

In the selection stage, starting from the root, we 234

choose a leaf node from the current search tree that 235

maximizes a UCT-style criterion: 236

UCT(u) = Q(u) + β

√
lnN(parent(u))

1 +N(u)
, (1) 237

where N(u) is the visit count and Q(u) is the run- 238

ning estimate of node value. In the expansion stage, 239

we query the LLM for m candidate actions at the 240

selected leaf node and add feasible children. In the 241

simulation stage, we compute each new child’s re- 242

ward r (§3.2) and treat it as a rollout/value estimate. 243

We keep running the roll-out greedily till the termi- 244

nal state. In the backpropagation stage, we prop- 245

agate the value upward, e.g., by updating Q with 246

running averages from terminal node to root node. 247

Compared to ToT, MCTS tends to focus computa- 248

tion on a smaller set of promising branches while 249

still occasionally exploring under-visited alterna- 250

tives based on previous rollout results. MCTS out- 251

performs BFS and DFS by dynamically balancing 252

exploration and exploitation, focusing computation 253

on high-value outcomes rather than exhaustively or 254

rigidly traversing the search tree. 255
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Bidirectional Search. Bidirectional search (Bi-256

Search) grows two trees simultaneously: a forward257

tree rooted at s0 and a backward tree rooted at sg. A258

forward node represents a partial plan prefix from259

s0 to some st, while a backward node represents260

a partial reverse plan from sg to an intermediate261

state (when reverse transitions are available) or,262

more generally, a goal-conditioned subgoal state263

proposed by the LLM. The algorithm alternates264

expanding the frontier that appears more promis-265

ing (according to reward and/or remaining budget),266

and declares success when the two frontiers meet267

at a compatible intermediate state. The detailed268

pseudocode is included in Appendix C. Compared269

to unidirectional tree search, bidirectional search270

significantly shrinks the search space by meeting271

in the middle. By replacing one deep expansion272

with two shallower ones, it avoids the rapid combi-273

natorial blow-up that dominates long-horizon uni-274

directional search.275

3.2 Reward Design276

To guide general search-tree expansion, we assign277

each non-root node a reward score that reflects how278

promising it is for reaching a valid solution. In our279

setting, we adopt the reward design from RAP and280

apply it uniformly across all tree-search algorithms281

evaluated in our experiments (Hao et al., 2023).282

Based on RAP’s implementation, the reward model283

consist of two component, action evaluation and284

self evaluation. We attached the detailed prompt in285

Appendix E. Concretely, we compute each node’s286

reward by combining two LLM-derived confidence287

signals—one assessing the selected action relative288

to available choices, and another self-checking the289

selected action under the budget constraint. We290

next describe how each component is computed291

and how its confidence signals are used to score292

nodes during search-tree expansion293

Confidence Reward. Action evaluation. Con-294

sider a leaf node v with parent node vp. Let a be295

the action that transforms vp into v, and let ca be its296

cost. The parent node has an accumulated cost cvp .297

To assess the quality of a, we prompt the LLM with298

the parent state vp, the available action set A, the299

budget limit B, and the accumulated cost cvp . The300

LLM is asked to predict the best next action. Since301

a was the action taken, we use the log-probability302

that the LLM assigns to a as the confidence reward303

for node v. Self-evaluation. Given the action a, the304

budget limit B, the parent node vp, and its cost cvp ,305

we prompt the LLM to assess whether a is a good306

choice by outputting either good or bad. We then307

use the log-probability of generating good as an 308

additional confidence signal for node v. The final 309

reward for node v is obtained by summing these 310

two log-probability signals (action-evaluation and 311

self-evaluation). 312

3.3 Metrics 313

We evaluate the performance using three metrics: 314

Success Rate, Optimality, Efficiency. The suc- 315

cess rate checks whether the planner finds a valid, 316

cost-adherent plan within the node expansion lim- 317

its. Optimality evaluates execution cost quality 318

by comparing the generated plan’s cost to that of 319

the ground-truth optimal plan. We use a ratio to 320

make optimality comparable across instances with 321

different cost scales and to reflect proportional sub- 322

optimality. Efficiency measures how much search 323

compute a method expends before finding the first 324

budget-feasible plan, operationalized as the unused 325

fraction of a fixed node-expansion limit. A higher 326

efficiency value means the planner reached a so- 327

lution while consuming a smaller portion of its 328

allotted node expansion. We include the detailed 329

equation in the Appendix B. 330

4 Experiments 331

4.1 Datasets 332

We introduce our testbed Budget-BlocksWorld, 333

a cost-augmented version of BlocksWorld bench- 334

mark (Valmeekam et al., 2022). BlocksWorld is 335

a widely used planning benchmark with several 336

distinct blocks on a table. The objective of this task 337

is to rearrange the blocks on the table from its ini- 338

tial state to the goal state using four deterministic 339

actions: pick-up, put-down, stack, and unstack. We 340

adopt BlocksWorld with action costs to transform it 341

into Budget-BlocksWorld. We assign non-uniform 342

costs to actions, making some actions (e.g., put- 343

down/pick-up) more expensive than others (e.g., 344

stack/unstack), which forces planners to trade off 345

plan length against execution cost. Building on top 346

of this setup, Budget-BlocksWorld obtains 1,008 347

tasks with 6-block instances, and categorizes the 348

difficulty by the optimal plan length (minimum 349

number of actions from initial state to goal), where 350

longer horizons require reasoning over more com- 351

plex state transitions and larger search space. 352

Ground Truth Generation. To establish the 353

cost distribution for our experiments, we evaluate 354

several cost schedules and recompute ground-truth 355

plans to ensure cost optimality. Using exhaustive 356

search, we enumerate all possible plans and select 357

the lowest-cost plan as the new ground truth. 358
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(Easy Tasks)← Success Rate→ (Hard Tasks) (Easy Tasks)←Optimality→ (Hard Tasks)

Plan Length (L) L=2 4 6 8 10 12 SR L=2 4 6 8 10 12 Opt
Task Count 15 58 99 138 154 183 Avg 15 58 99 138 154 183 Avg

T
IG

H
T

CoT w/ Qwen3 0.6 0.08 0.00 0.00 0.00 0.00 0.11 1.00 1.00 – – – – 0.33
CoT w/ GPT4.1 0.4 0.08 0.00 0.00 0.00 0.00 0.08 1.00 1.00 – – – – 0.33
CoT w/ Claude 0.8 0.75 0.26 0.26 0.07 0.01 0.36 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ToT-BFS 0.80 0.19 0.00 0.00 0.00 0.00 0.17 1.00 1.00 – – – – 0.33
ToT-DFS 0.86 0.33 0.04 0.00 0.00 0.00 0.21 1.00 1.00 1.00 – – – 0.50
MCTS 1.00 0.92 0.50 0.11 0.05 0.00 0.43 1.00 1.00 1.00 1.00 1.00 – 0.83
Bi-Search 1.00 0.92 0.48 0.12 0.11 0.07 0.45 1.00 1.00 1.00 1.00 1.00 1.00 1.00

L
O

O
S

E

CoT w/ Qwen3 0.6 0.16 0.00 0.00 0.00 0.00 0.13 1.00 0.67 – – – – 0.28
CoT w/ GPT4.1 0.6 0.33 0.23 0.15 0.17 0.15 0.27 0.39 0.75 0.31 0.36 0.57 0.54 0.49
CoT w/ Claude 0.6 0.91 0.61 0.48 0.35 0.24 0.53 0.52 0.92 0.54 0.59 0.56 0.58 0.62
ToT-BFS 1.00 0.26 0.00 0.00 0.00 0.00 0.21 0.90 0.81 – – – – 0.29
ToT-DFS 1.00 0.58 0.09 0.01 0.00 0.00 0.28 0.92 0.88 0.38 0.29 – – 0.41
MCTS 1.00 1.00 0.85 0.39 0.11 0.01 0.56 1.00 0.93 0.58 0.49 0.51 0.48 0.67
Bi-Search 1.00 0.92 0.93 0.88 0.79 0.71 0.87 1.00 0.84 0.58 0.43 0.41 0.36 0.60

U
N

L
IM

IT
E

D

CoT w/ Qwen3 0.6 0.16 0.00 0.00 0.00 0.00 0.13 1.00 0.67 – – – – 0.28
CoT w/ GPT4.1 0.8 0.41 0.29 0.18 0.23 0.19 0.35 0.30 0.85 0.42 0.40 0.45 0.49 0.48
CoT w/ Claude 0.6 0.83 0.58 0.47 0.42 0.32 0.54 0.70 0.90 0.49 0.52 0.63 0.44 0.61
ToT-BFS 1.00 0.38 0.01 0.00 0.00 0.00 0.23 0.90 0.81 0.52 – – – 0.37
ToT-DFS 1.00 0.67 0.12 0.00 0.00 0.00 0.30 0.90 0.78 0.36 – – – 0.34
MCTS 1.00 1.00 0.86 0.55 0.20 0.05 0.61 1.00 0.93 0.58 0.44 0.52 0.42 0.65
Bi-Search 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.84 0.60 0.43 0.40 0.32 0.60

Table 1: Success rate and optimality by plan lengths under budget constraints. Columns correspond to task
subsets grouped by ground-truth plan length L (shown with task counts n in the header; shorter plans are easier).
Left block reports Success Rate (fraction of tasks solved; ↑ better). Right block reports Optimality computed on
successful tasks only (e.g., Cost(Optimal plan) / Cost(Generated plan); ↑ better); entries are ‘–’ when no instance is
solved for that length. Under TIGHT budgets, any plan that is considered valid must match the optimal (minimum)
cost, so optimality is trivially 1.00 whenever a method succeeds within the node limit.
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Figure 2: Node expansion vs Success rate. This plot
demonstrates the number of node usage to find the opti-
mal plan under TIGHT constraint.

Solution Shift Rate. To ensure that our optimal359

solutions are clearly distinguishable from those of360

the vanilla BlocksWorld, we randomly select the361

task from the top-3 configurations with the highest362

ratio of shifted plans as our testbed.363

A task’s solution is considered as shifted if364

the cost-optimal ground truth plan is not identi-365

cal to the uniform ground truth plan. We com-366

pute the solution shift rate for each cost schedule.367

This metric measures the proportion of tasks in368

Budget-BlocksWorld whose cost-optimal plans dif-369

fer from the uniform-cost BlocksWorld baseline.370

We provide more statistics on our cost-augmented 371

BlocksWorld in Appendix A. 372

Budget regimes. Budget-BlocksWorld has three 373

budget conditions to simulate different levels of 374

cost strictness. TIGHT budget is set exactly to 375

the ground-truth cost-optimal plan, permitting only 376

plans whose cost matches the optimum. LOOSE 377

budget is set to the optimal cost plus a small mar- 378

gin. More specifically, we set the margin to 2cmax, 379

where cmax denotes the maximum cost among all 380

actions. In BlocksWorld, plans typically consist 381

of paired actions (e.g., pick-up/unstack followed 382

by put-down/stack). Thus, setting the margin to 383

2cmax allows additional one high-cost action pair 384

in the generated plan. UNLIMITED condition ap- 385

plies no budget constraints, and all valid plans are 386

accepted. This setup allows us to systematically 387

study planner’s behavior under strict, relaxed, and 388

unconstrained cost settings. 389

4.2 Implementation details 390

We compare a set of representative LLM planning 391

approaches spanning (1) direct (raw) LLM plan- 392

ners with CoT that generate plans without explicit 393

search (e.g., GPT-4.1 and Claude-Opus-4.1) and 394

(2) tree-search-based planners, Tree-of-Thought 395

(ToT-BFS/DFS), MCTS, and bidirectional search 396
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with Qwen3-8B as the backbone model. We adopt397

Qwen3-8B for tree-based planners for two reasons.398

First, tree search requires a large number of model399

calls, making closed-source models prohibitively400

expensive under our compute budget. Second, our401

reward computation relies on token-level scoring.402

LLM planner w/ CoT. We directly prompt the403

model with in-context learning examples and re-404

quire it to generate the entire plan in one pass. The405

cost budget limit specified in the prompt is varied406

according to the given constraint. The full prompt-407

ing details are included in the Appendix E.408

Tree-based LLM planners. We evaluate tree-409

search prompting approaches describe in Sec-410

tion 3.1. For consistency, all the tree-based LLM411

planners use the same LLM-based confidence scor-412

ing signal described in Section 3.2 to rank can-413

didate continuations. For each state, the LLM414

picks the top-5 actions from the action pool. To415

reduce hallucinated state transitions and ensure a416

shared notion of validity across methods, we use417

the PDDLGym (Silver et al., 2016) as the transit418

function to execute all proposed actions that deter-419

ministically update states and reject invalid actions.420

Feasibility pruning and search computation421

limits. To assess whether cost-aware behavior422

arises from the model and search procedure without423

relying on an explicit rule, we consider an optional424

hard budget feasibility filter for ToT-BFS/DFS,425

RAP, and Bidirectional Search: any action (or par-426

tial plan) whose accumulated cost exceeds the bud-427

get is pruned immediately. We impose a common428

search budget of at most 500 node expansions for429

ToT-BFS/DFS, RAP, and Bidirectional Search to430

ensure comparable compute across methods and to431

prevent degenerate exhaustive search.432

5 Experimental Results433

5.1 Overall performance434

Table 1 reports Success Rate and Optimality across435

ground-truth plan length L = {2, 4, 6, 8, 10, 12},436

under TIGHT, LOOSE, and UNLIMITED budget437

constraints, from which we draw the following in-438

sights:439

Tree-based LLM planners struggle to find440

cost-optimal plans for long-horizon tasks. To441

illustrate these trends, we focus on the LOOSE and442

UNLIMITED budget settings, as optimality under443

the TIGHT constraint is uninformative: any success-444

ful plan must match the minimum cost, causing an445

optimality of 1.00 for all nonempty entries. Under446

both settings, Table 1 shows that tree-based meth-447

ods (particularly MCTS and bidirectional search)448

(Easy Tasks)←Efficiency→ (Hard Tasks)

Plan Length L=2 4 6 8 10 12 Eff
Task Count 15 58 99 138 154 183 Avg

T
IG

H
T

ToT-BFS 0.97 0.71 – – – – 0.28
ToT-DFS 0.99 0.96 0.86 – – – 0.47
MCTS 0.99 0.98 0.95 0.11 0.05 – 0.51
Bi-Search 0.99 0.98 0.97 0.96 0.93 0.91 0.96

L
O

O
S

E ToT-BFS 0.96 0.54 0.37 – – – 0.31
ToT-DFS 0.98 0.94 0.89 0.45 – – 0.54
MCTS 0.99 0.96 0.81 0.61 0.43 0.23 0.67
Bi-Search 0.99 0.99 0.98 0.97 0.93 0.91 0.96

U
N

L
IM

IT
E

D ToT-BFS 0.95 0.78 0.35 – – – 0.35
ToT-DFS 0.98 0.92 0.83 – – – 0.46
MCTS 0.99 0.89 0.79 0.62 0.51 0.45 0.71
Bi-Search 0.99 0.98 0.96 0.94 0.91 0.87 0.94

Table 2: Efficiency by plan lengths under budget
constraints. Efficiency is calculated by the ratio of
unused node and node expansion limit (↑ better; please
refer to Eq. (3)). Same as Optimality, Efficiency is only
computed on successful tasks. ‘-’ means the algorithm
does not find a feasible plan in the node expansion limit.

achieve high optimality for shorter plan lengths 449

(L = {2, 4}), where the planning problem is rel- 450

atively easy. In these cases, MCTS outperforms 451

closed-source LLMs using CoT prompting. How- 452

ever, as problem difficulty increases with longer 453

horizons (L = {8, 10, 12}), the optimality of tree- 454

based methods declines sharply and no longer sur- 455

passes strong closed-source baselines without tree 456

search (e.g., CoT with Claude). 457

Overall, these results suggest that: although 458

tree search, especially bidirectional search, sub- 459

stantially improves feasibility (i.e., success rate) 460

over CoT-based methods using both open- and 461

closed-source LLMs (shown in the left part of Ta- 462

ble 1), node selection in existing tree-search plan- 463

ners is not consistently cost-aware, often producing 464

cost-inefficient solutions even when valid plans are 465

found in more challenging settings. 466

More search compute does not necessarily 467

yield optimal plan. Figure 2 shows optimality as 468

a function of node expansions under the TIGHT 469

budget constraint, where any successful plan is cost- 470

optimal. ToT-BFS/DFS and bidirectional search 471

achieve most of their feasible solutions within the 472

early stages of search, after which additional node 473

expansions provide little benefit. MCTS contin- 474

ues to improve with increased search budget but 475

quickly exhibits diminishing returns. This differ- 476

ence stems from MCTS, which updates node values 477

based on rollout outcomes and provides more cost- 478

aware guidance, whereas other tree-based planners 479

rely on largely static search policies and can pre- 480

maturely commit to suboptimal trajectories. Over- 481

all, these results show that additional computation 482
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Initial State

Goal State

Initial State
The red block is clear, the blue block s clear, the orange block is clear, the hand
 is empty, the blue block is on top of the yellow block, the re block is on the
table, orange block is on the table, and the yellow block is on the table.

Goal State
The red block is on top of the 
Yellow block and the blue block
Is on top of the red block

[Cost: 1  ] pick up
[Cost: 20] Put down
[Cost: 1  ] Stack
[Cost: 1  ] Unstack

(a) High-score with suboptimal action
Partial plan
1. Unstack the blue block from on top of the yellow block
2. Stack the blue block on the top of  the orange block
3. Pick up the red block

Candidate actions Cost Score
Stack red block on top of yellow block Optimal 1 0.1

Stack red block on top of blue block 1 0.15

Put down the red block 20 0.8Selected

(b) Force to selected suboptimal action
Partial plan
1. Pick up red block
2. Put down red block
3. Pick up orange block

Candidate actions Cost Score
Stack orange block on top of red block 1 0.09

Stack orange block on top of blue block 1 0.12

Put down the orange block 20 0.03

Optimal cost: 6       Cost usage: 3 Optimal cost: 6       Cost usage: 22

Selected

Figure 3: Decision-level diagnostics of cost-aware planning failures. We show the initial and goal states (top) and
the action-cost schedule. Each panel zooms into a search step, listing the partial plan, cost usage versus the optimal
cost, and the candidate actions with their model scores. (a) Assign high score to suboptimal action: the model
assigns a high score to a costly suboptimal action (selected), diverting the search from the optimal continuation. (b)
Force to selected suboptimal action: all candidates receive low, similar scores, forcing selection among suboptimal
options and keep searching on the high cost branch.

alone does not ensure cost awareness, underscor-483

ing the need for explicit cost-aware guidance in484

LLM-based tree-search planning.485

Tree-search algorithm directly affects the effi-486

ciency. Table 2 shows large efficiency gaps across487

different tree-search strategies: bidirectional search488

can substantially improve the efficiency of finding489

feasible plans, even when the problem becomes490

more challenging. Moreover, Table 1 demonstrates491

that compared with single-tree search methods,492

bidirectional search also achieves higher success493

rates on longer-horizon tasks. In contrast, ToT-BFS494

tends to exhaustively expand nodes level by level;495

this layer-wise exploration quickly inflates the num-496

ber of expansions, leading to poorer efficiency and497

a sharper drop in success as the horizon grows.498

5.2 Cost-Aware Failure Analysis499

In this section, we investigate failure cases in cost-500

aware planning to reveal the key limitations and501

challenges faced by tree-based LLM planners.502

5.2.1 Failure Modes Distribution503

We categorize unsuccessful runs into two failure504

modes aligned with our research questions men-505

tioned in Section 1. (1) Budget Violation denotes506

goal-reaching plans that exceed the cost budget, in-507

dicating limited cost awareness (RQ1). (2) Search508

Exhaustion denotes failures to find any valid plan509

within the node-expansion limit, reflecting poor510

search efficiency (RQ2).511

98%

4%

92%

8%

52%

48%

8%

ToT-BFS ToT-BFS MCTS Bi-Search

Search Budget Exhausted Budget Violation

92%

Figure 4: Failure mode distribution of TIGHT condition
from L = 2 to L = 8

Overall Failure Distribution. We conduct fail- 512

ure analysis under the TIGHT budget setting, as 513

the LOOSE and UNLIMITED settings permit sub- 514

optimal plans and therefore do not meaningfully 515

capture budget violations. Because ToT rarely finds 516

feasible solutions for longer horizons (see Table 1), 517

we restrict our analysis to tasks with plan lengths 518

L = {2, 4, 6, 8}. 519

Figure 4 presents the distribution of failure 520

modes under the TIGHT budget across these plan 521

lengths. We observe substantial differences across 522

search methods: ToT-BFS fails almost entirely due 523

to Search Exhaustion (98%), reflecting that its 524

layer-wise breadth-first strategy cannot discover 525

cost-optimal solutions within the node budget. ToT- 526

DFS exhibits a similar pattern (92% Search Ex- 527

haustion, 8% Budget Violation), with its depth-first 528

commitment occasionally producing complete but 529

cost-inefficient plans. MCTS shows a more bal- 530

anced failure distribution (52% Search Exhaustion, 531
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ToT-BFS ToT-DFS MCTS Bi-Search

TIGHT 88.1% 89.3% 58.0% 77.3%
LOOSE 83.5% 85.7% 36.4% 69.8%

Table 3: Failure rate of identifying impossible tra-
jectories (↓ better). We evaluate 1000 nodes from
L = {2, 4, 6, 8} of the failure tasks. We describe the
detailed definition of failure rate in §5.2.2.

48% Budget Violation); while it expands the search532

coverage compared to ToT methods, roughly half533

of its discovered solutions exceed the tight bud-534

get, revealing limited cost awareness. Finally, Bi-535

Search experiences predominantly Budget Viola-536

tions (92%), suggesting that while bidirectional537

search efficiently finds feasible plans, it often fails538

to identify truly cost-optimal solutions.539

5.2.2 Root Cause Analysis540

Search Trajectory Analysis and Failure Rate.541

To further investigate why tree-based LLM plan-542

ners violate budget constraints, we analyze their543

search traces through the lens of cost-optimal feasi-544

bility. For a node sv along a generated plan prefix,545

let g(sv) denote the accumulated cost from the546

initial state, and let h(sv) denote the optimal re-547

maining cost from sv to the goal, when such a path548

exists. Let C be the ground-truth optimal total cost.549

We say that the LLM fails to identify an infeasible550

trajectory at sv if g(sv) + h(sv) > C, meaning551

that even an optimal continuation from sv cannot552

satisfy the budget constraint.553

Based on this criterion, we define the failure554

rate as the proportion of nodes at which the LLM555

fails to recognize such infeasible trajectories. We556

randomly sampled 1000 nodes from the failure557

tasks. We report failure rates for different tree-558

based methods under the TIGHT and LOOSE559

budget constraints in Table 3, since the UNLIM-560

ITED setting accepts all feasible plans regardless561

of cost. From Table 3, we derive the following562

insights, which highlight how different search algo-563

rithms perform under cost-aware planning:564

LLM Fails to identify impossible trajectory.565

Table 3 shows that, even when explicitly prompted566

with action costs and cumulative cost, the LLM567

frequently fails to recognize prefixes that are al-568

ready doomed under the budget, leading to budget-569

violating continuations in 36.4–89.3% of node ex-570

pansions. We observe two key insights from these571

results: (1) MCTS exhibits a substantially lower572

failure rate than the other search algorithms, sug-573

gesting that incorporating feedback from explo-574

ration can partially correct for miscalibrated con-575

fidence scores; and (2) holding the reward fixed,576

bidirectional search consistently outperforms ToT- 577

BFS/DFS, implying that search structure and fron- 578

tier management can reduce exposure to infeasible 579

path even without changing the underlying reward 580

signal. We discuss each finding in turn below. 581

MCTS demonstrates notable advantages over 582

heuristic-only approaches for cost-aware plan- 583

ning. MCTS differs from the other search algo- 584

rithms in how it selects nodes to expand: ToT- 585

BFS/DFS and Bi-Search rely primarily on the 586

LLM’s confidence score, whereas MCTS also uses 587

feedback accumulated from prior exploration. As 588

a result, MCTS achieves lower in failure rates than 589

other method in both budget settings (Table 3). 590

This stems from MCTS’s dual guidance mecha- 591

nism: in addition to heuristic scoring, it leverages 592

value backpropagation to incorporate empirical ev- 593

idence from rollouts, partially correcting for LLM 594

scoring errors by learning which branches actually 595

lead to budget-feasible solutions. 596

Tree-search algorithms matter under same re- 597

ward signal. Even using the same reward, failure 598

rates are varied across BFS, DFS, and Bi-Search. 599

In the DFS and BFS, when an LLM assigns uni- 600

formly low confidence to the available actions, the 601

algorithm will still commit to a local choice and 602

keep expanding an unpromising branch, shown on 603

Figure 3(b). While bidirectional search always se- 604

lects the most promising branch on the search tree 605

for both directions, this design can avoid getting 606

trapped in the infeasible branches during the search 607

process. Overall, these results show that the search 608

strategy itself, not just the reward, critically de- 609

termines whether the planner can avoid wasting 610

computational resources on infeasible paths and 611

improve the efficiency. 612

6 Conclusion 613

We analyze cost-aware, tree-based LLM planners 614

under explicit budget constraints. Tree search sub- 615

stantially improves feasibility; however, increasing 616

search compute does not reliably yield better cost- 617

quality trade-offs (answer to RQ1). An analysis of 618

search trajectories shows that the choice of search 619

algorithm critically affects how efficiently a budget- 620

feasible plan is found (answer to RQ2). Looking 621

forward, we identify two promising directions: (i) 622

learning cost-aware reward models to effectively 623

guide node expansion, and (ii) introducing princi- 624

pled pruning via cost-aware lower bounds to elimi- 625

nate branches unlikely to satisfy budget constraints 626

or improve upon the current best plan. 627
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7 Limitations628

Our study intentionally focuses on tree-search plan-629

ners, aiming to isolate how search structure alone630

affects budgeted planning; accordingly, we do not631

incorporate additional inference-time heuristics or632

self-refinement procedures that could confound this633

comparison. In addition, our results are condi-634

tioned on a specific prompting and LLM-based635

reward design. Finally, our experiments use a fixed636

set of LLM(s), and performance may vary in magni-637

tude across other models even when the qualitative638

trends remain similar.639
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A Budget-Blocksworld855

For each task in the BlocksWorld, we recompute856

the cost-optimal solution via exhaustive search. At857

each step, we expand all feasible actions and retain858

the minimum-cost path upon reaching a goal state.859

This non-trivial process ensures that our benchmark860

is grounded in reliable optimal solutions. Details861

are reported in Table 4.862

B Evaluation Metrics863

This appendix formally defines the metrics used864

in our experiments. Optimality measures solu-865

tion quality by comparing the execution cost of866

a generated plan to the ground-truth optimal cost,867

with higher values indicating closer-to-optimal so-868

lutions. Efficiency measures computational cost869

in terms of node expansions, normalized by the870

fixed expansion budget; higher values indicate that871

a method finds a solution with fewer expansions.872

Optimality =
Costopt
Costgen

(2)873

874

Efficiency = 1− #Nodes Expanded

Node Budget
(3)875

C Bidirectional Search Algorithm876

Bidirectional search in our setting grows two com-877

plementary search trees to connect the initial and878

goal states more efficiently than a single forward879

tree. Bi-Search constructs a forward tree Tf rooted880

at the initial state s0 and a backward tree Tb rooted881

at the goal state sg, and expands them in alter-882

nating turns under a fixed node-expansion limit L.883

Each expansion selects a promising leaf node in the884

current tree, enumerates all feasible actions from885

that node (respecting the budget constraint), and886

adds the resulting successor states as children while 887

tracking the cumulative path cost from the corre- 888

sponding root. After each round, the algorithm 889

checks whether the two trees contain an overlap- 890

ping state; when an overlap is found, it terminates 891

and extracts a complete plan by concatenating the 892

forward path from s0 to the overlap state with the 893

backward path from the overlap state to sg. 894

To guide convergence, a confidence reward from 895

the LLM (how promising the chosen action is given 896

the state, remaining budget, and accumulated cost). 897

This bidirectional structure reduces the depth each 898

tree must explore before meeting, mitigating the 899

exponential blow-up faced by single-tree search 900

on long-horizon tasks. Algorithm 1 is the detailed 901

pseudocode of bidirectional search. 902

D Use of LLMs 903

Large Language Models were used only to improve 904

the clarity and presentation of the manuscript. They 905

did not contribute to the research design, experi- 906

ments, analysis, or conclusions, for which the au- 907

thors take full responsibility. 908

E Prompting 909

Action Evaluation. We prompt the LLM with the 910

current state, partial plan, candidate actions, goal 911

state, and budget usage, and ask it to classify each 912

action as good or bad. We use the log-likelihood of 913

the good label as a confidence for each action. 914
915

I am playing with a set of blocks where I need 916
to arrange the blocks into stacks. Here 917

are the actions I can do and the 918
corresponding time consumption: 919

Pick up a block, 1 min 920
Unstack a block from on top of another block, 921

1 min 922
Put down a block, 20 min 923
Stack a block on top of another block, 1 min 924
I have the following restrictions on my 925

actions: 926
I can only pick up or unstack one block at a 927

time. 928
I can only pick up or unstack a block if my 929

hand is empty. 930
I can only pick up a block if the block is on 931

the table and the block is clear. A block 932
is clear if the block has no other blocks 933
on top of it and if the block is not 934
picked up. 935

I can only unstack a block from on top of 936
another block if the block I am unstacking 937
was really on top of the other block. 938

I can only unstack a block from on top of 939
another block if the block 940

I am unstacking is clear. Once I pick up or 941
unstack a block, I am holding the block. 942

I can only put down a block that I am holding. 943
I can only stack a block on top of another 944

block if I am holding the block being 945
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Action costs L=2 L=4 L=6 L=8 L=10 L=12

[20, 1, 1, 1] 0% 8% 33% 63% 64% 70%
[1, 20, 1, 1] 0% 8% 32% 59% 59% 59%
[1, 1, 20, 1] 0% 16% 52% 74% 71% 78%
[1, 1, 1, 20] 0% 0% 14% 39% 43% 52%
[20, 1, 20, 1] 0% 0% 12% 35% 30% 35%
[1, 20, 1, 20] 0% 4% 14% 28% 26% 29%
[20, 20, 1, 1] 0% 4% 8% 16% 12% 18%
[1, 1, 20, 20] 0% 4% 8% 12% 32% 49%
[20, 1, 1, 20] 0% 8% 9% 37% 46% 54%
[1, 20, 20, 1] 0% 8% 40% 66% 63% 70%

Table 4: Solution shift rate under nonuniform action
costs. The tasks are classified by the length of optimal
solution from L=2 to L=12. The first column represents
the cost schedule allocated for each action: pick-up(pu),
unstack(un), put-down(pd), stack(st). For example, [20,
1, 1, 1] means the cost of pick-up is 20, and the cost
of other actions is 1. An optimal solution is counted as
shifted if its sequence of action types under the given
schedule is not exactly the same as under the uniform-
cost solution. The rest columns represent the percentage
of tasks whose optimal solutions are shifted.

Algorithm 1 Bidirectional Search
Require: Initial node v0 ∈ V , weight ω,

goal node vg ∈ V , max iterations L,
budget limit B

1: Initialize confidence reward Rconf : V → R
2: Initialize feasible actions A : V × B → A,

child nodes c : V ×A → V
3: Initialize unvisited verifier U : V → {0, 1}
4: Initialize node set Vf ← {v0}, Vb ← {vg}
5: Initialize empty plan π ← ∅
6: for t← 0 to L− 1 do
7: v∗f ← argmaxv∈Leaf(v0) (Rconf (v))
8: for a ∈ A(v∗f ,B) do
9: v∗ ← c(v∗f , a)

10: Vf ← Vf ∪ {v∗}
11: end for
12: v∗b ← argmaxv∈Leaf(vg) (Rconf (v))
13: for a ∈ A(v∗b ,B) do
14: v∗ ← c(v∗b , a)
15: Vb ← Vb ∪ {v∗}
16: end for
17: voverlap ← Vf ∩ Vb
18: if voverlap ̸= ∅ then
19: π ← EXTRACTPLAN(voverlap)
20: break
21: end if
22: end for
23: return π

stacked. 946
I can only stack a block on top of another 947

block if the block onto which I am 948
stacking the block is clear. 949

Once I put down or stack a block, my hand 950
becomes empty. 951

952
[STATEMENT] As initial conditions I have that, 953

the red block is clear, the blue block is 954
clear, the orange block is clear, the 955

hand is empty, the red block is on the 956
table, the blue block is on the table and 957
the orange block is on the table. 958

My goal is to have that the blue block is on 959
top of the orange block. 960

My previous plan is: 961
[PREVIOUS PLAN] 962
pick up the blue block 963
[PREVIOUS PLAN END] 964
The current time usage for the previous plan 965

is 1 min 966
My plan is as follows: 967
[PLAN] 968
stack the blue block on top of the orange 969

block 970
[PLAN END] 971

972
As initial conditions I have that, <init state 973

>\\ 974
My goal is to <goals> 975
My previous plan is: 976
[PREVIOUS PLAN] 977
<previous plan> 978
[PREVIOUS PLAN END] 979
The current time usage for the previous plan 980

is <current time usage> min 981
My plan is as follows: 982
[PLAN] 983984

Self-Evaluated Confidence Reward. We prompt 985

the LLM with the current state, partial plan, se- 986

lected action, goal state, and budget usage, and 987

ask it to classify the action as good or bad. The 988

confidence score is computed as the log-likelihood 989

assigned to the good label. 990

991
I am playing with a set of blocks where I need 992

to arrange the blocks into stacks. Here 993
are the actions I can do and the 994
corresponding time consumption: 995

Pick up a block, 1 min 996
Unstack a block from on top of another block, 997

1 min 998
Put down a block, 20 min 999
Stack a block on top of another block, 1 min 1000

1001
I have the following restrictions on my 1002

actions: 1003
I can only pick up or unstack one block at a 1004

time. 1005
I can only pick up or unstack a block if my 1006

hand is empty. 1007
I can only pick up a block if the block is on 1008

the table and the block is clear. A block 1009
is clear if the block has no other blocks 1010
on top of it and if the block is not 1011
picked up. 1012

I can only unstack a block from on top of 1013
another block if the block I am unstacking 1014
was really on top of the other block. 1015

12



I can only unstack a block from on top of1016
another block if the block1017

I am unstacking is clear. Once I pick up or1018
unstack a block, I am holding the block.1019

I can only put down a block that I am holding.1020
I can only stack a block on top of another1021

block if I am holding the block being1022
stacked.1023

I can only stack a block on top of another1024
block if the block onto which I am1025
stacking the block is clear.1026

Once I put down or stack a block, my hand1027
becomes empty.1028

1029
[STATEMENT] The initial state: I have that,1030

the yellow block is on the table. The red1031
block is on the top of the yellow block.1032
The green block is on the top of the red1033
block. The blue block is on the green1034
block. The blue block is clear. The hand1035
is clear.1036

The current state: I have that, the yellow1037
block is on the table. The red block is on1038
the top of the yellow block. The green1039
block is on the top of the red block. The1040
blue block is on the table. The blue block1041
is clear. The hand is clear.1042

Goal: The green block is on the top of blue1043
block.1044

[PREVIOUS ACTION]1045
unstack the blue block from the green block.1046
put down the blue block.1047
We have used 21 minutes.1048
Our time limit is 33 minutes1049
[ACTION] unstack the green block from the red1050

block1051
[EVALUATION] good1052

1053
[STATEMENT]1054
The initial state: I have that, <init state>1055
The current state: I have that, <current state1056

>1057
Goal: <goal>1058
[PREVIOUS ACTION] <previous actions>1059
We have used <current time usage> minutes so1060

far.1061
Our time limit is <time limit> minutes.1062
[ACTION] <action>1063
[EVALUATION]10641065

Chain-of-Thought (CoT) prompt used for GPT-1066

4.1, Claude-Opus-4.1, and Qwen3-8B:1067
1068
1069

I am playing with a set of blocks where I need1070
to arrange the blocks into stacks. Here1071
are the actions I can do and the1072
corresponding time consumption:1073

Pick up a block, 1 min1074
Unstack a block from on top of another block,1075

1 min1076
Put down a block, 20 min1077
Stack a block on top of another block, 1 min1078

1079
I have the following restrictions on my1080

actions:1081
I can only pick up or unstack one block at a1082

time.1083
I can only pick up or unstack a block if my1084

hand is empty.1085
I can only pick up a block if the block is on1086

the table and the block is clear. A block1087

is clear if the block has no other blocks 1088
on top of it and if the block is not 1089
picked up. 1090

I can only unstack a block from on top of 1091
another block if the block I am unstacking 1092
was really on top of the other block. 1093

I can only unstack a block from on top of 1094
another block if the block 1095

I am unstacking is clear. Once I pick up or 1096
unstack a block, I am holding the block. 1097

I can only put down a block that I am holding. 1098
I can only stack a block on top of another 1099

block if I am holding the block being 1100
stacked. 1101

I can only stack a block on top of another 1102
block if the block onto which I am 1103
stacking the block is clear. 1104

Once I put down or stack a block, my hand 1105
becomes empty. 1106

1107
IMPORTANT: You must respond with ONLY the plan 1108

in the exact format shown below. Do not 1109
include any explanations, analysis, or 1110
additional text. 1111

1112
[STATEMENT] As initial conditions I have that, 1113

the red block is clear, the blue block is 1114
clear, the orange block is clear, the 1115

hand is empty, the red block is on the 1116
table, the blue block is on the table and 1117
the orange block is on the table. 1118

My goal is to have that the blue block is on 1119
top of the orange block. 1120

The time limit is 22 min 1121
My plan is as follows: 1122
[PLAN] 1123
pick up the blue block 1124
stack the blue block on top of the orange 1125

block 1126
[PLAN END] 1127

1128
[STATEMENT] As initial conditions I have that, 1129

the red block is clear, the blue block is 1130
clear, the orange block is clear, the 1131

hand is empty, the red block is on top of 1132
the yellow block, the blue block is on the 1133
table, the orange block is on the table 1134

and the yellow block is on the table. 1135
My goal is to have that the blue block is on 1136

top of the yellow block and the orange 1137
block is on top of the blue block. 1138

The time limit is 45 min 1139
My plan is as follows: 1140

1141
[PLAN] 1142
unstack the red block from on top of the 1143

yellow block 1144
put down the red block 1145
pick up the blue block 1146
stack the blue block on top of the yellow 1147

block 1148
pick up the orange block 1149
stack the orange block on top of the blue 1150

block 1151
[PLAN END] 1152

1153
[STATEMENT] As initial conditions I have that, 1154

<init state> 1155
My goal is to <goals> 1156
The time limit is <time limit> min 1157
My plan is as follows: 1158
[PLAN] 11591160
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