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Abstract001

LLMs have shown remarkable proficiency in002
general language understanding and reason-003
ing. However, they consistently underperform004
in spatial reasoning that severely limits their005
application, particularly in embodied intelli-006
gence. Inspired by the success of hierarchical007
reinforcement learning, this paper introduces a008
novel method for hierarchical task decomposi-009
tion in LLM spatial reasoning. Our approach010
guides LLMs to decompose complex tasks into011
manageable sub-tasks by identifying key inter-012
mediate states and generating simplified sub-013
environments. However, we identify that LLMs014
often fail to derive optimal intermediate states015
due to their insufficient spatial prior, leading016
to sub-optimal task decomposition. To address017
this limitation and enhance its planning capabil-018
ity, we propose the MCTS-Guided Group Rela-019
tive Policy Optimization (M-GRPO), where we020
reformulate the UCT formula by incorporating021
the LLM’s prior predictive probabilities along-022
side its epistemic uncertainty. Furthermore, we023
implement a more fine-grained advantage func-024
tion, enabling the model to learn optimal path025
planning. Experimental results demonstrate026
that our method substantially improves LLM027
performance on spatial tasks, including naviga-028
tion, planning, and strategic games, achieving029
state-of-the-art results. This work paves the030
way for LLMs in real-world applications.031

1 Introduction032

Large Language Models (LLMs) have revolution-033

ized the landscape of artificial intelligence, achiev-034

ing remarkable breakthroughs across various do-035

mains, including natural language processing and036

scientific reasoning(Zhao et al., 2023). However, as037

LLMs transition into the era of embodied AI, a crit-038

ical and persistent bottleneck has emerged: their039

inherent limitations in spatial reasoning. While040

LLMs excel at manipulating abstract concepts and041

language, they often struggle with understanding042

Figure 1: Comparison between CoT Reasoning and our
HSRL method. (a) Standard CoT reasoning fails on
complex spatial planning by inefficiently exploring a
vast search space amidst distracting information. (b) In
contrast, our HSRL framework succeeds by decompos-
ing the task via key intermediate states and constructing
focused sub-environments, which enables efficient and
optimal planning.

complex spatial relationships, performing efficient 043

path planning, and engaging in sequential action 044

reasoning(Ma et al., 2025; Chen et al., 2024). This 045

severely limits their development and practical de- 046

ployment in embodied systems. 047

Existing research has explored several avenues 048

to address this challenge, yet each faces signifi- 049

cant limitations. Prompt engineering methods like 050

CoT(Wei et al., 2022b), ToT(Yao et al., 2023a) and 051

ProgPrompt(Singh et al., 2023) aim to elicit reason- 052

ing through specialized prompts, but their effective- 053

ness is capped by the model’s often flawed intrinsic 054

spatial capabilities. Fine-tuning approaches (Dao 055

and Vu, 2025; Deng et al., 2025; Aghzal et al., 056

2024b) show promise but typically demand vast, 057

expensive task-specific datasets and suffer from 058

poor generalization to novel environments. Task 059

decomposition strategies like HyperTree (Gui et al., 060

2025) and Plan-and-Act (Erdogan et al., 2025b) are 061

primarily designed for tasks with clear, language- 062
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based "logical breaks", rendering them ill-suited063

for spatial reasoning problems like pathfinding that064

lack such linguistic segmentation. Finally, offload-065

ing planning to external, non-differentiable tools066

breaks the end-to-end optimization paradigm, as067

these tools cannot be jointly trained with the LLM’s068

representation layer and may not be universally de-069

ployable at test time.070

To overcome these limitations, we introduce Hi-071

erarchical Spatial Reasoning with LLM (HSRL),072

a novel hierarchical spatial reasoning paradigm073

inspired by hierarchical reinforcement learning.074

The core innovation of HSRL lies in its state- and075

environment-based hierarchical mechanism, which076

is fundamentally different from prior language-077

based decomposition methods. The framework078

employs a two-level hierarchy. A high-level LLM079

planner decomposes complex tasks by generating080

a structured sequence of intermediate states, which081

serve as sub-goals to guide the overall planning082

process. Then, for each state-to-state transition, a083

low-level LLM agent performs a dual role, where it084

first acts as an environment processor to construct a085

localized sub-environment, and subsequently oper-086

ates as an actor to execute precise actions required087

to reach the target sub-goal. While this hierarchical088

structure provides a powerful framework for de-089

composition, the high-level planner’s effectiveness090

is constrained by the LLM’s insufficient spatial091

priors, leading to the generation of sub-optimal in-092

termediate states. To address this, we propose an in-093

novative online fine-tuning framework, M-GRPO,094

designed to enhance the high-level planner. Our095

approach improves planning optimality by tackling096

two fundamental challenges: effective exploration097

of the solution space and precise credit assignment098

for training. To achieve robust exploration, we099

draw inspiration from Monte Carlo Tree Search100

(MCTS), where the high-level LLM generates mul-101

tiple candidate sequences of intermediate states,102

building a search tree to systematically explore103

diverse planning strategies. Unlike standard LLM-104

MCTS integration paradigms (Xie et al.; Guan105

et al.) rely on the vanilla UCT formula, we pro-106

pose incorporating the LLM’s intrinsic confidence107

and uncertainty as internal reward signals. This108

integration facilitates the selection of trajectories109

that exhibit both high environmental rewards and110

high internal certainty, thereby mitigating the in-111

stability caused by high-reward but low-confidence112

paths—which often represent stochastic hallucina-113

tions that hinder convergence.(Kuhn et al., 2023;114

Azaria and Mitchell, 2023) Furthermore, we lever- 115

age perplexity-based uncertainty as an informative 116

metric to evaluate whether the model has suffi- 117

ciently explored the state space within its semantic 118

knowledge, leading to a more principled and effi- 119

cient search process. For precise credit assignment, 120

we introduce a fine-grained advantage function, a 121

significant departure from traditional Group Rela- 122

tive Policy Optimization (GRPO) which evaluates 123

whole-trajectory values without detailed supervi- 124

sion. Our method calculates the advantage of each 125

intermediate state relative to its ”sibling“ states (i.e., 126

those that share a common prefix state sequence). 127

This provides a focused and accurate training sig- 128

nal, enabling the LLM to learn which specific sub- 129

goals are the most effective. Our method requires 130

only a small amount of data and can be flexibly 131

applied to multi-level planning tasks. In summary, 132

this work makes the following key contributions: 133

• A Novel State- and Environment-Based Hi- 134

erarchical Reasoning Framework: We in- 135

troduce HSRL, a framework that presents a 136

novel state- and environment-based decompo- 137

sition paradigm for LLM spatial reasoning, de- 138

parting from prevalent language-based meth- 139

ods. This paradigm is specifically designed 140

to address continuous spatial problems where 141

traditional language-based decomposition is 142

ineffective. 143

• A Novel Fine-Tuning Framework for Plan- 144

ning Optimality: To address the sub-optimal 145

planning inherent in pre-trained LLMs, we de- 146

velop M-GRPO, a new fine-tuning algorithm. 147

By integrating a modified Monte Carlo Tree 148

Search exploration mechanism with a fine- 149

grained, node-level advantage function, our 150

method substantially improves planning opti- 151

mality with high data efficiency. 152

• Comprehensive Empirical Validation of Su- 153

periority: Through extensive experiments on 154

large-scale navigation, object planning, and 155

strategy game benchmarks, we demonstrate 156

that HSRL achieves state-of-the-art perfor- 157

mance. The results validate its significant 158

gains over existing methods and its strong gen- 159

eralization across diverse task modalities. 160

2 Method 161

In this work, we introduce the HSRL framework, 162

as illustrated in Figure 2, to address the limitations 163
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High Level Planning

Subtask1 Actions：Up right right

Subtask2 Actions：down right right

Subtask3 Actions：Right up up up

Final Actions: 

Up right right down right right right up

up up

If a valid path 
cannot be found, 
the current 
subtask is 
merged with the 
next one, 
creating an 
expanded 
subtask that is 
then re-solved.

Question: You are in a 6 by 6 world. There are obstacles that you have to avoid at: (0,2), (1,0), (1,3), (2,3), (3,2), (4,0), (4,3) and (5,2). Go from (3,0) to (0,5)

Subtask1(3,0)->(2,2)

Subtask2:(2,2)->(3,4)

Subtask3(3,4)->(0,5)

Prompt: …Identity two intermediate 

points in the optimal path…
Output: [(3,0),(2,2],(3,4),(0,5)]

Low Level PlanningPrompt: ……Select the obstacles within 

the region…

Question: You are in a 6 by 6 world. There are obstacles that you have to avoid at: (0,2), (1,0), (1,3), (2,3), (3,2), (4,0), (4,3) and (5,2). Go from (3,0) to (2,2)

Prompt: …Generate the actions from 
the start point to the end point…

Optimal State 

Sequence 

Generation

High-Level Planner
(M-GRPO Trained)

Output: Up right right

High Level Planner Low Level PlannerAgent position Obstacle Goal location Intermediate Point

Figure 2: An overview of the HSRL framework. This framework employs a two-level hierarchical strategy. An
M-GRPO trained high-level planner first identifies key intermediate states, decomposing the task into a series of
sub-tasks. A low-level planner selects relevant information for the sub-task and then generates action sequences for
each sub-task within a localized sub-environment. If a sub-task is unsolvable, it is merged with the next one (e.g.,
from the start of Subtask 1 to the end of Subtask 2) and replanned.

of existing LLM-based planning methods (see Ap-164

pendix A). Our approach consists of two key com-165

ponents: a novel two-level hierarchical framework166

that decomposes complex tasks into a series of man-167

ageable sub-problems, and an innovative MCTS-168

guided finetuning method designed to enhance the169

optimality of the generated plans.170

2.1 Hierarchical Planning with State and171

Environment Decomposition172

Our framework leverages a two-level hierarchical173

decomposition strategy to break down complex174

planning tasks. This decomposition is applied at175

both the state level and the environmental level, ef-176

fectively managing the complexity of the problem177

space.178

State-Level Decomposition via LLM. Prior re-179

search in LLM-based path planning has shown180

promising results by manually decomposing tasks181

into sub-goals (Aghzal et al., 2024b). We extend182

this concept by enabling the LLM to autonomously183

generate these key intermediate states. Given a184

task’s initial and final states, our method prompts185

the LLM to reason and generate a concise sequence 186

of critical intermediate states. This process trans- 187

forms a high-level goal into a series of state-to- 188

state transitions, effectively simplifying the plan- 189

ning horizon for subsequent steps. 190

Environmental-Level Decomposition and Dy- 191

namic Expansion. After decomposing the task 192

at the state level, much of the global environmental 193

information becomes irrelevant noise for solving 194

a specific sub-task, which can hinder the reason- 195

ing process. Following the generation of the state 196

sequence, we define a sub-task for each consecu- 197

tive pair of intermediate states. For each sub-task, 198

we create a corresponding regional environment 199

by identifying information that is relevant to the 200

current sub-problem (e.g., obstacles or landmarks 201

within a localized area). This hierarchical represen- 202

tation allows the model to focus on a smaller, more 203

manageable sub-environment, thereby improving 204

efficiency and reducing the search space. If the 205

model is unable to find a valid path within the lo- 206

calized environment, the scope of the sub-task is 207

expanded. The end state is extended to the next 208
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intermediate state in the sequence, creating a larger209

sub-task that encompasses a broader area. This pro-210

cess is repeated until a solution is found or, in the211

worst case, the problem reverts to the original, full-212

scale task, ensuring robust and complete coverage213

of the problem space.214

2.2 Optimizing Planning with M-GRPO215

Due to an inherent lack of pre-training in spatial216

reasoning, LLMs often struggle to generate opti-217

mal sequences of intermediate states. However,218

the generation of correct intermediate states is a219

critical prerequisite for the success of subsequent220

environment decomposition and low-level action221

planning. To address this, we propose an online222

learning approach, as illustrated in Figure 3, that223

integrates the exploratory power of MCTS with224

the fine-tuning process of GRPO. This approach225

enables the LLM to learn and improve its planning226

policy during exploration.227

MCTS-Guided Exploration for Optimal State228

Generation The state generation process is229

framed as a search problem navigated by MCTS.230

Within this search tree, each node represents an231

intermediate state, while a full sequence of nodes232

forms a complete trajectory, known as a comple-233

tion. Starting from the initial state, the tree is built234

iteratively. In each iteration, the MCTS policy tra-235

verses the tree to a leaf node. From this state, the236

LLM is prompted to generate subsequent potential237

states (expansion), a reward is evaluated (simu-238

lation), and the Q-values along the path are up-239

dated (backpropagation). To effectively integrate240

the LLM’s prior knowledge with empirical feed-241

back during the search process, we propose a re-242

fined UCT heuristic that dynamically tunes the se-243

lection through a confidence weight c(s′) and an244

uncertainty factor u(s′). Specifically, based on the245

average log-probability ℓ(s′) of the generated se-246

quence247

ℓ(s′) =
1

|T |

|T |∑
t=1

logP (xt | x<t, context) (1)248

where T denotes the set of tokens in the generated249

intermediate state, and P (xt | x<t, context) repre-250

sents the likelihood of each token assigned by the251

LLM. We define the confidence weight as:252

c(s′) = exp(τ · ℓ(s′)) (2)253

which calibrates the exploitation term to ensure254

the search prioritizes semantically coherent paths.255

Algorithm 1 M-GRPO Training Algorithm
Require: Policy πθ , initial state s0, iterations Nmax, group

size M
Ensure: Optimized policy πθ

1: T ← InitializeTree(s0)
2: for it = 1 to Nmax do
3: // MCTS-Guided Exploration
4: L← SELECTLEAF(T ) using Refined UCT (Eq. 4)
5: {τm}Mm=1 ← EXPANDANDSIMULATE(πθ, L)
6: for each trajectory τm do
7: Rm ← SIMULATETOGOAL(τm)
8: BACKPROPAGATE(τm, Rm) {Update Q-values}
9: end for

10: // Fine-Grained Advantage Estimation
11: Aall ← [ ]
12: for each τm = {sm,1, . . . , sm,T } do
13: for n = 1 to T do
14: Ssib ← GETSIBLINGS(sm,n)
15: Q̄sib ← MEAN{Q(s′) | s′ ∈ Ssib}
16: Am,n ← Q(sm,n)− Q̄sib {Node-level adv.}
17: end for
18: A(τm)← 1

T

∑T
n=1 Am,n {Trajectory adv.}

19: Aall.APPEND(A(τm))
20: end for
21: πθ ← UPDATEPOLICY(πθ, Aall) {GRPO Loss Up-

date}
22: end for
23: return πθ

Simultaneously, an uncertainty factor is defined as: 256

u(s′) = 1 + γ · clamp(−ℓ(s′), 0, umax) (3) 257

which utilizes log-perplexity as a gain for the ex- 258

ploration term to guide the algorithm toward the 259

model’s epistemic blind spots. In cases where mul- 260

tiple candidate sequences share the same interme- 261

diate state s′, we average their respective c(s′) and 262

u(s′) to ensure a representative estimation. The 263

final selection policy is formulated as: 264

snext = argmax
s′∈Children(s)

{
Q(s′) · c(s′)+

C · u(s′)

√
lnN(s)

N(s′)

} (4) 265

where Q(s′) represents the estimated value, N(s) 266

and N(s′) denote visit counts, and C is the explo- 267

ration constant. This design establishes a dynamic 268

mechanism between model intuition and empiri- 269

cal value, significantly enhancing exploration effi- 270

ciency. 271

Fine-Grained Advantage Function for Precise 272

Policy Updates In standard policy optimization 273

frameworks like GRPO, the advantage function is 274

typically computed based on the cumulative return 275

of an entire trajectory. This coarse-grained signal 276

poses a significant credit assignment challenge, as 277
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S3,1

S1,1

S2,1

S3,2

S4,2

S1,2

S2,2

Training Step 1

S0

S1,3

S1,1

S1,2

Training Step 2

Expand

Intermediate 

States
Rewards Advantages

R3

R4

R1

R2

A3

A4

A1

A2

Select

Input 

A3,1 A4,2 A4

S3,2

S4,2

S1,2

S2,2

R3

R4

R1

R2

Input Intermediate 

States

Sibling States

Mean (

Rewards Advantages

)

1st Intermediate State 2nd Intermediate State

Q3,1 = (R3+R4)/2

A3,1 = Q3,1 –Mean (Q1,1 Q1,2 Q1,3)

Initial State

A3

A4

A1

A2

Figure 3: Overview of the M-GRPO algorithm. Starting from the initial state S0, the framework expands four
simulation sequences in parallel. The advantage values of nodes within these sequences are calculated to guide the
model training step. Post-training, the pivotal intermediate waypoint is selected based on the reformulated UCT
formula, serving as the root for the subsequent expansion and training cycle. This iterative process continues until
the MCTS termination criterion is satisfied.

it fails to disambiguate the individual contributions278

of intermediate states. Consequently, it is difficult279

for the model to pinpoint which specific choices280

are most critical for achieving success.281

To overcome this limitation, we introduce a fine-282

grained advantage function calculated at the inter-283

mediate state level. Our approach is tailored for284

a tree-search process wherein a LLM generates a285

set of M candidate sequences (or completions),286

{τ1, . . . , τM}, for a given planning problem. Each287

trajectory τm is composed of a sequence of inter-288

mediate states, τm = (sm,1, sm,2, . . . , sm,Tm).289

Let sm,n be the n-th intermediate state in the290

m-th generated sequence. We estimate its corre-291

sponding state-value, or Q-value Qm,n, as the mean292

empirical return from all Monte Carlo simulations293

that traverse this state. Specifically, if Wm,n is the294

sum of cumulative rewards from all visits to state295

sm,n and Nm,n is its total visit count, the Q-value296

is given by:297

Qm,n =
Wm,n

Nm,n
(5)298

We then define the advantage of a specific state,299

Am,n, relative to its "sibling" states—i.e., the set of300

other candidate states {sj,n}Mj=1 that share a com-301

mon prefix sequence. The state-level advantage is302

formulated as:303

Am,n = Qm,n −Mean(Qsiblings) (6)304

where the second term represents the mean Q-value305

across all sibling states at depth n. This formula-306

tion directly quantifies how much better the choice307

leading to sm,n is compared to the average of alter-308

native choices at that decision point. A deliberate309

design choice is the omission of reward normaliza- 310

tion (i.e., skipping division by the standard devia- 311

tion). As the LLM often generates identical opti- 312

mal completions, forgoing normalization prevents 313

"reward hacking," where the value of a superior 314

path could be artificially deflated due to its high 315

frequency of generation. The necessity of this non- 316

normalization approach in such scenarios has been 317

formally demonstrated in (Liu et al., 2025). 318

Finally, to align with the GRPO framework, we 319

compute a single advantage value for each trajec- 320

tory by averaging the advantages of all its con- 321

stituent intermediate states. For a trajectory τm of 322

length Tm, its overall advantage A(τm) is calcu- 323

lated as: 324

A(τm) =
1

Tm

Tm∑
n=1

Am,n (7) 325

This trajectory-level advantage A(τm) is then used 326

as the training signal within the GRPO loss func- 327

tion. This fine-grained approach to advantage cal- 328

culation provides a more precise and informative 329

signal, enabling the model to learn not only which 330

overall sequences are effective, but also to discern 331

the value of the specific intermediate states that are 332

most critical for constructing an optimal plan. We 333

present the full pseudo-code in Algorithm 1 334

3 Experiments 335

3.1 Experimental Setup 336

Given that spatial reasoning in embodied intelli- 337

gence often operates under stringent computational 338

constraints, we focus on open-source models with 339

5



manageable parameter scales. Specifically, we em-340

ploy Qwen3-4B-Instruct-2507 as our base model,341

which is further optimized via our M-GRPO frame-342

work to serve as the high-level planner. The un-343

trained version of the same model served as both344

the environment decomposition model and the ac-345

tion generation model. We deliberately exclude346

large-scale proprietary closed-source models as347

they are often unsuitable for real-time embodied348

tasks, where low-latency local execution, robust349

offline functionality, and strict data privacy are350

paramount.351

Datasets We evaluate our HSRL framework352

across four planning benchmarks with increasing353

difficulty to assess its performance and general-354

ization capability. First, we use Maze Naviga-355

tion(Valmeekam et al., 2023), a classical task con-356

sisting of 1,090 10 × 10 grids. To create highly357

challenging scenarios, we configured 40% of the358

cells in each map as obstacles. The dataset is359

partitioned into 668 training and 422 testing in-360

stances. To validate the real-world applicability of361

our approach, inspired by (Zhao et al., 2025), we362

leverage the R2V dataset (Liu et al., 2017), which363

comprises 815 authentic architectural floorplans.364

We randomly selected a subset of 50 maps from365

this collection. Each floorplan was converted into366

a textual representation and scaled proportionally367

to a 20 × 20 resolution, followed by the random368

sampling of three pairs of start and goal positions369

for each layout. This procedure resulted in the370

evaluation benchmark for real-world indoor navi-371

gation tasks. Second, to assess out-of-distribution372

(OOD) generalization, we employ the Blocksworld373

benchmark(Saha et al., 2025), whose test set is in-374

tentionally more complex, featuring more blocks375

and requiring longer plans (7–10 steps) than the376

training set (1–6 steps). Finally, we validate our377

framework on the novel and highly challenging Ga-378

meTraversalBenchmark (GTB)(Nasir et al., 2024).379

This benchmark contains 150 diverse maps with380

multiple objectives and paths exceeding 100 steps.381

As GTB lacks a training set, we evaluate our Maze-382

trained model in a zero-shot transfer setting to test383

its capabilities on complex, unseen tasks.384

Baselines We compare HSRL against a diverse385

set of representative baselines. First, we com-386

pare it with foundational reasoning strategies, in-387

cluding the classic Chain-of-Thought (CoT)(Wei388

et al., 2022a) and ReAct(Yao et al., 2023c), which389

interleaves reasoning traces with actions for im-390

proved synergy. We also include advanced reason- 391

ing and self-reflection methods like Inner Mono- 392

logue(Huang et al., 2023), which enhances inter- 393

nal thought processes, and Reflexion(Shinn et al., 394

2023), which uses iterative self-correction to re- 395

fine plans. For direct planning, we use Prog- 396

Prompt(Singh et al., 2023) as a strong representa- 397

tive of in-context learning-based approaches. Fur- 398

thermore, we contrast HSRL with search-based 399

methods like Tree Planner(Hu et al., 2024) and 400

the hierarchical planner HyperTree(Gui et al.), 401

the latter of which is known to have limitations 402

on spatial reasoning tasks. Finally, we include 403

System-1.x(Saha et al., 2025), a powerful baseline 404

meticulously fine-tuned on tasks similar to ours, 405

which employs a controller to switch between "fast- 406

thinking" and "slow-thinking" modes. 407

Evaluation metrics We evaluate our model’s 408

planning ability using metrics tailored to each 409

benchmark. For the classical Maze and 410

Blocksworld tasks, we measure the Completion 411

Rate (CR), which is the percentage of successfully 412

solved instances, and the Optimal Rate (OR), de- 413

fined as the percentage of completed tasks where 414

the plan length matches the shortest path computed 415

by an A* search. For the more complex Game- 416

TraversalBenchmark (GTB), we adopt its official 417

metrics. The primary metric is the GTB Score, 418

a composite measure that assesses performance 419

based on goal proximity, path length, and genera- 420

tion errors (see Appendix B.1). Additionally, we 421

report Top-5 Accuracy, the fraction of tasks where 422

the agent ends within five tiles of the target, to 423

evaluate success in large-scale maps. 424

3.2 Implementation Detail 425

M-GRPO Finetuning. We fine-tuned the model 426

using the trl library on eight NVIDIA A800 GPUs. 427

The optimization was conducted using the AdamW 428

optimizer with β1 = 0.9 and β2 = 0.999. We 429

employed a learning rate of 1× 10−6 following a 430

cosine decay schedule. The hyperparameters τ is 431

1.0 and γ is 0.4. The Epoch Number was 1 and the 432

Batch Size was 1. For the inference phase, the Tem- 433

perature was set to 1.0 and the Num generations 434

was 8. 435

Reward Function. To ensure training stability 436

and prevent reward hacking, we implement a com- 437

prehensive reward function that weights task suc- 438

cess against path length through multiple shaping 439

terms. Specifically, to mitigate the tendency of RL 440
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agents to over-generate—a common phenomenon441

where models produce excessively long responses442

to maximize cumulative rewards—we introduce a443

stringent length penalty to encourage concise and444

effective reasoning. Detailed formulations of these445

composite reward functions are provided in Ap-446

pendix C.1.447

3.3 Results Analysis448

The experiments results, detailed in Table 1, clearly449

demonstrate the effectiveness of our hierarchical450

planning and search framework.451

HSRL significantly improves task performance.452

Our method HSRL achieves state-of-the-art453

(SOTA) performance across all metrics on all tasks.454

For instance, in the Maze (10 × 10) task, our455

method achieves a goal completion rate of 61.37%,456

markedly outperforming other methods such as457

System-1.x (54.74%) and ReAct (53.80%). On458

the real-world R2V dataset, given that R2V has a459

lower obstacle density than the synthetic Maze task,460

HSRL demonstrates even stronger performance,461

reaching a completion rate of 62.67%. The larger462

spatial scale of R2V task typically poses a signifi-463

cant challenge for conventional methods. Specifi-464

cally, as the search space expands, the reasoning ca-465

pabilities of monolithic methods tend to deteriorate466

rapidly. In contrast, HSRL maintains high efficacy467

by decomposing long-horizon navigation into man-468

ageable sub-tasks, ensuring that each segment re-469

mains within the model’s optimal problem-solving470

range. This advantage is even more pronounced471

in the more complex Blocksworld task, where our472

method’s 30.50% completion rate far exceeds all473

baselines. This pattern of superiority extends to474

the challenging GameTraversalBenchmark (GTB),475

where HSRL achieves the highest GTB Score of476

32.69, surpassing strong competitors like Reflexion477

(29.34). Furthermore, it also secures the best Top 5478

Accuracy at 44.41%, demonstrating its robustness479

in complex, large-scale planning environments.480

Superior Solution Optimality. Beyond merely481

completing a task, the ability to generate optimal482

(or near-optimal) paths is a crucial measure of a483

planning model’s intelligence. On the optimal rate484

metric for the Maze and Blocksworld tasks, our485

method achieves optimality rates of 47.87% and486

55.33%, respectively, the highest among all com-487

pared methods. This result indicates that by com-488

bining the forward-search capabilities of MCTS489

with the general knowledge of large models, our490

framework can explore the solution space more 491

thoroughly, effectively avoiding local optimal to 492

devise more efficient and concise solutions. 493

Cross-Task Robustness and Generalization. 494

The value of a general-purpose planning model 495

lies in its cross-task generalization capability. As 496

shown in the table, our method performs exception- 497

ally well on the classical spatial reasoning tasks 498

of Maze and Blocksworld, and the complex world 499

knowledge required for the Game Travel Bench- 500

mark. In contrast, some baselines exhibit strong 501

task-specific biases; for example, while ReAct per- 502

forms reasonably well in Maze, its completion 503

rate plummets to just 3.00% in Blocksworld. This 504

comparison validates the robustness of our hier- 505

archical framework, which consistently decom- 506

poses complex problems into manageable sub- 507

goals for effective problem-solving, irrespective 508

of the task modality. Moreover, our excellent per- 509

formance in Blocksworld demonstrates strong out- 510

of-distribution generalization capabilities. 511

3.4 Further Analysis 512

Ablation Study. To validate the contribution 513

of each component, we conducted a comprehen- 514

sive ablation study (Table 2). The results reveal 515

a clear hierarchy of importance. Removing the 516

MCTS module—thereby reverting M-GRPO to 517

a standard GRPO training paradigm (HSRL w/o 518

MCTS)—leads to a notable decline in both suc- 519

cess and optimality, confirming that its systematic, 520

forward-looking search is crucial for exploring di- 521

verse solution pathways. Further removing the M- 522

GRPO policy optimization, where the base model 523

is used directly as the high-level planner without 524

further training (HSRL Untrained) causes a precipi- 525

tous performance collapse, especially in optimality 526

(e.g., Maze optimality plummets from 47.87% to 527

45.97%). This demonstrates that M-GRPO is the 528

core engine that translates the rich search experi- 529

ence from MCTS into a refined planning intuition, 530

endowing the LLM with the ability to generate 531

high-quality, task-aligned sub-goals. Finally, the 532

performance of the State-Hierarchical Only config- 533

uration—which eliminates environment-level hier- 534

archy and relies on the base model for both interme- 535

diate waypoint identification and low-level action 536

generation—still significantly surpasses direct an- 537

swering methods, and the inclusion of environment- 538

hierarchical approaches effectively improves task 539

completion. 540
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Table 1: Main results: Comparison of HSRL against baseline methods across various spatial reasoning benchmarks.
CR and OR denote Completion Rate and Optimality Rate, respectively. The best performance in each category is
highlighted in bold.

Method Maze (10×10) R2V (Real-World) Blocksworld (5-7) GTB

CR (%) ↑ OR (%) ↑ CR (%) ↑ OR (%) ↑ CR (%) ↑ OR (%) ↑ Score ↑ Top-5 Acc. ↑

Direct Answer 23.69 23.45 1.33 1.13 6.50 6.00 23.61 25.96
CoT 43.12 38.39 16.67 12.33 10.50 8.00 26.58 31.61
Reflexion 45.02 37.91 22.00 21.33 15.00 8.50 29.34 37.76
ReAct 53.80 26.06 16.00 13.33 8.00 3.00 20.40 39.85
ProgPrompt 34.60 33.41 43.33 42.00 9.50 6.00 22.45 26.12
Inner Monologue 54.03 34.60 27.33 16.67 4.00 0.00 19.18 21.41
System-1.x 54.74 36.02 50.67 49.33 27.00 14.50 27.73 30.01
HyperTree 37.91 22.98 25.33 19.67 8.00 3.50 25.81 26.67
Tree Planner 39.10 27.01 6.33 3.00 7.00 4.00 25.28 25.46

HSRL (Ours) 61.37 47.87 62.67 55.33 30.50 21.00 32.69 44.41

Table 2: Ablation study on the core components of our HSRL framework. We evaluate the contribution of each
module across various benchmarks. CR and OR represent Completion Rate and Optimality Rate, respectively. The
best performance is highlighted in bold.

Model Configuration Maze (10×10) R2V (Real-World) Blocksworld (5-7) GTB

CR (%) ↑ OR (%) ↑ CR (%) ↑ OR (%) ↑ CR (%) ↑ OR (%) ↑ Score ↑ Top-5 Acc. ↑

State-Hierarchical Only 50.24 13.03 52.33 25.67 10.00 9.50 26.16 29.85
HSRL (Untrained) 54.50 14.22 60.33 28.00 12.50 9.50 26.96 32.38
HSRL (w/o MCTS) 55.21 45.97 58.00 54.67 28.00 15.00 27.80 38.09

HSRL (Ours) 61.37 47.87 62.67 55.33 30.50 21.00 32.69 44.41

Figure 4: Performance degradation as task difficulty
increases. HSRL shows greater robustness.

Figure 5: Qualitative comparison of a generated plan
before (left) and after (right) M-GRPO training.

Robustness and Qualitative Insights. Further541

analysis highlights HSRL’s robustness. As shown542

in Figure 4, HSRL’s performance degrades far more543

gracefully with increasing task difficulty compared544

to baselines, maintaining a substantial and reliable 545

advantage on the most challenging Maze instances. 546

This resilience is not merely statistical; it stems 547

from a fundamental improvement in high-level 548

planning quality. A qualitative comparison in Fig- 549

ure 5 illustrates the underlying mechanism: while 550

an untrained model generates ill-conceived sub- 551

goals leading to a failed plan, the M-GRPO trained 552

HSRL produces a strategic and successful path. 553

This synergy between quantitative robustness and 554

qualitative intelligence validates our framework’s 555

effectiveness in complex planning scenarios where 556

long-horizon reasoning is paramount. 557

4 Conclusion 558

This paper introduced HSRL, a hierarchical frame- 559

work that overcomes LLM spatial reasoning lim- 560

itations through state and environment decompo- 561

sition. By combining MCTS-guided GRPO algo- 562

rithm, HSRL achieves SOTA performance across 563

navigation and strategic benchmarks. Our results 564

show substantial gains in completion rates and path 565

optimality over existing methods. This work es- 566

tablishes a scalable approach for integrating LLMs 567

into complex physical environments and embodied 568

intelligence tasks. 569
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Limitations570

Despite the advancements in spatial reasoning571

achieved by this study, several limitations remain.572

First, M-GRPO introduces additional computa-573

tional overhead during the training phase. Since574

integrating MCTS for policy optimization necessi-575

tates multiple path simulations, the training process576

is more time-consuming than conventional fine-577

tuning. However, this overhead is confined to the578

offline stage and does not compromise inference579

efficiency. Second, due to the scarcity of large-580

scale datasets featuring pure textual descriptions of581

3D environments, our experiments currently focus582

on 2D indoor navigation tasks (R2V). Future work583

will explore the generalization of this framework584

to more complex 3D spatial representations and585

multimodal environments.586
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Appendix809

A Related Work810

A.1 Spatial Reasoning in large language811

models812

Many researchers have pointed out that LLMs have813

weaknesses in spatial reasoning or spatial plan-814

ning(Aghzal et al., 2024a,b). To address these815

issues, some methods leverage in-context exam-816

ples and prompting techniques, such as Chain-817

of-Thought (CoT)(Wei et al., 2022a) and Tree-818

of-Thought (ToT)(Yao et al., 2023b), which have819

demonstrated remarkable reasoning abilities in var-820

ious tasks. However, for spatial reasoning tasks,821

in-context learning often fails because LLMs lack822

spatial reasoning knowledge or their knowledge823

even conflicts with it.824

To overcome this challenge, some studies utilize825

LLMs for general-purpose reasoning, converting826

spatial information into logical forms(Yang et al.,827

2023) or using them as a general pattern machine828

for sequence transformation(Mirchandani et al.,829

2023; Gong et al., 2024). Recently, other works830

have evaluated LLMs as a cognitive capability in831

navigation and planning tasks(Momennejad et al.,832

2023). However, these methods perform poorly in833

tasks requiring continuous action reasoning.834

Another mainstream approach introduces closed-835

loop feedback mechanisms. Some works, like836

(Renze and Guven, 2024), use self-reflection for837

self-evaluation and replanning, while others adopt838

external feedback for reflection (Kumar et al.,839

2024). Furthermore, the Vision-of-Thought (VoT)840

method (Wu et al., 2024) materializes intermediate 841

states to assist with reasoning. Nevertheless, this 842

iterative feedback loop often results in high costs 843

and inefficiency in querying or interactions. 844

A.2 Hierarchical Method 845

Hierarchical reasoning breaks down decision- 846

making tasks into multiple levels, from high-level 847

strategic planning to low-level specific control. 848

This decomposition reduces computational com- 849

plexity by solving several less difficult sub-tasks, 850

thus enabling the handling of tasks more challeng- 851

ing than direct complex reasoning. Hierarchical 852

reasoning has achieved notable results in many re- 853

inforcement learning tasks, especially in embodied 854

AI scenarios. For example, (Duan et al., 2020) 855

has applied hierarchical methods to autonomous 856

driving, allowing for smooth and safe decision- 857

making on highways. (Lu et al., 2023) and (Zhu 858

and Hayashibe, 2023) separate decision-making 859

tasks into different layers, such as global path plan- 860

ning and local motion control. These models ben- 861

efit from breaking down the decision-making pro- 862

cess into simpler, more tractable components, en- 863

abling each layer to focus on a specific task. This 864

enhances computational efficiency and decision ac- 865

curacy in complex environments. 866

In recent years, hierarchical reasoning methods 867

have also been successfully introduced into the 868

planning tasks of LLMs. For instance, DeAR(Xue 869

et al., 2024) imitates the human reasoning cycle 870

by using a tree-based question decomposition ap- 871

proach to organize the reasoning process and break 872

down problems into simpler sub-questions. Hyper- 873

Tree Planning(Gui et al., 2025) is a new paradigm 874

that enhances LLM reasoning with a hypertree 875

structure. It effectively breaks down intricate rea- 876

soning steps using a flexible divide-and-conquer 877

strategy to handle diverse constraints and manage 878

multiple distinct sub-tasks, demonstrating superior 879

performance in complex tasks like travel planning. 880

Plan-and-Act(Erdogan et al., 2025a) explicitly sep- 881

arates high-level planning from low-level execution. 882

This framework includes a PLANNER model for 883

generating structured high-level plans and an EX- 884

ECUTOR model for translating these plans into 885

environment-specific actions, thereby improving 886

performance on complex multi-step tasks such as 887

web navigation. 888

However, these methods only consider high- 889

level, coarse-grained task planning and do not fully 890

leverage the potential of hierarchical reasoning for 891
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low-level tasks that require fine motion control,892

such as robotic arm motion planning. Therefore,893

this study aims to fill this gap by solving the com-894

plex action planning problem.895

B More Background896

B.1 GTB Score897

GTB_Score =
1

M

M∑
m=1

1

∆R(m)

(
R(m)

−LLM(m)
PL − ε(m) −R

(m)
min

) (8)898

where:899

• M = total number of maps in the dataset.900

• R(m) = reward obtained for map m, deter-901

mined by the final distance d to the objective:902

R(m) =



+200, d = 0

+100, d = 1

+50, d ∈ [2, 3]

+25, d ∈ [3, 5]

−50, d ∈ [5, 8]

−100, d ≥ 8

903

• LLM(m)
PL = path length taken by the LLM904

agent on map m.905

• ε(m) = total generation errors made by the906

LLM on map m.907

• R
(m)
max = 200 − A∗

PL(m), the maximum908

achievable reward (perfect path with no er-909

rors), where A∗
PL(m) is the optimal path910

length computed by an A* agent.911

• R
(m)
min = −100 − A∗

PL(m) − ε
(m)
max, the min-912

imum achievable reward (farthest position,913

maximal path cost, and maximal errors).914

C MORE IMPLEMENTATION915

DETAILS916

C.1 M-GRPO Reward917

For a sampled completion completioni, we parse918

its anchor list Ai = [ai1, ai2, . . . , ain]. If the an-919

chor list cannot be parsed, we directly assign a920

fixed penalty; otherwise, the reward score is com-921

puted by a signed power transformation to enlarge922

the margin between high- and low-quality comple- 923

tions: 924

Ri =

PARSE_FAIL_PENALTY, if Ai = ∅,

sign(zi) |zi|p, otherwise,
(9) 925

where sign(zi) preserves the direction of zi, and 926

p > 1 amplifies its magnitude non-linearly. 927

The raw score zi aggregates the quality of an- 928

chors visited by a trajectory, while discouraging 929

the use of overly many anchors through a penalty 930

term: 931

zi =
∑
a∈Ai

r(a)−α·max
(
0, |Ai|−Aexpected

)
. (10) 932

To evaluate each anchor consistently, we first as- 933

sign each completion an initial reward ri according 934

to its alignment with the Manhattan distance of the 935

optimal A∗ path. : 936

ri = BASIC_QUALITY _SCORE−∣∣ ∑
ai∈Ai

|ai+1 − ai| −
∑

âi∈A∗

| ˆai+1 − âi|
∣∣. (11) 937

Each anchor reward r(a) is then defined as the 938

average quality of all completions that pass through 939

it, reflecting a consensus measure across different 940

trajectories: 941

r(a) =

∑
i: a∈Ai

ri

|{ i | a ∈ Ai }|
. (12) 942

D Declaration of Use of AI Assistants 943

During the preparation of this work, the authors 944

used Gemini-3-Flash to polish the manuscript for 945

language clarity and to assist with LaTeX format- 946

ting. Following the use of this tool, the authors 947

reviewed and edited the content as needed and take 948

full responsibility for the final version of the paper. 949

E Prompts and Examples 950
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