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ABSTRACT

Large Language Models (LLMs) exhibit notable limitations in grounding spatial
reasoning tasks within real-world semantic contexts, often failing to effectively
integrate abstract spatial relationships (e.g., “left of,” "near”’) with concrete ob-
ject semantics (e.g., “the red chair”). This challenge is particularly acute in dy-
namic environments where existing approaches—relying either on inflexible text-
based maps or computationally expensive open-vocabulary embeddings—struggle
to balance flexibility and efficiency. To address this, we propose Spatial-Semantic
Anchoring (SSA), a novel prompting framework that mimics human cognitive
strategies by instructing LLMs to (1) identify and list relevant objects (semantic
anchoring), (2) describe their spatial relationships in natural language (spatial an-
choring), and (3) dynamically update these anchors during task execution. SSA
leverages LLMs’ inherent strengths in natural language generation to create con-
textually grounded representations without explicit maps or heavy embeddings.
We evaluate SSA on benchmark tasks (PPNL for navigation planning and ScanQA
for 3D scene question answering) against text-map and open-vocabulary base-
lines, demonstrating significant improvements in task success rates (e.g., +18.4%
on PPNL) and computational efficiency (2.3 x faster inference). Ablation studies
reveal that both semantic and spatial anchoring components are critical, with dy-
namic updates contributing to a 12.7% performance gain in unseen environments.
Our work advances the interpretability and practicality of LLMs for spatial rea-
soning by bridging the gap between abstract spatial logic and semantically rich,
real-world contexts.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable capabilities in language understand-
ing and reasoning tasks, yet they continue to struggle with grounding abstract spatial relationships
(e.g., ’left of,” ’near”) in semantically rich, real-world contexts Aghzal et al.|(2023). This limitation
is particularly acute in dynamic environments where LLMs must integrate geometric relationships
with object semantics (e.g., navigating to "’the red chair while avoiding furniture”)—a capability that
humans accomplish effortlessly through cognitive anchoring of spatial relations to concrete refer-
ents.

The challenge stems from fundamental tensions in existing approaches. Text-map methods offer
structured representations but lack flexibility for dynamic scenes, while open-vocabulary embed-
dings [Zhang et al.| (2024) provide semantic richness at prohibitive computational costs. Recent
work has attempted to bridge this gap through hybrid techniques |Wu et al.| (2024), yet these either
rely on expensive multimodal training or fail to generalize beyond constrained environments |Rizvi
et al.| (2024). The core difficulty lies in reconciling three requirements: (1) maintaining real-time
efficiency for practical deployment, (2) preserving interpretability of spatial-semantic relationships,
and (3) adapting to environmental changes without explicit re-training.

We propose Spatial-Semantic Anchoring (SSA), a novel prompting framework that mimics human
cognitive strategies by decomposing spatial reasoning into three iterative steps: (1) semantic an-
choring to identify relevant objects, (2) spatial anchoring to describe their relationships in natural
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language, and (3) dynamic updates that revise these anchors during task execution. SSA uniquely
leverages LLMSs’ innate strengths in language generation to create contextually grounded represen-
tations without explicit maps or heavy embeddings. Our approach is inspired by psychological
evidence that human spatial reasoning relies on dynamically maintained mental anchors |Liao et al.
(2024), but translates this insight into a computationally tractable framework.

Our contributions are threefold:

* A cognitively-inspired prompting framework that decomposes spatial reasoning into se-
mantic and spatial anchoring phases, enabling LLMs to ground abstract relations in con-
crete object semantics while maintaining interpretability.

* A dynamic update mechanism that continuously refines spatial-semantic representations
during task execution, achieving +12.7% performance gain in unseen environments com-
pared to static approaches.

» Empirical validation across navigation (PPNL) and QA (ScanQA) benchmarks, where SSA
outperforms text-map and open-vocabulary baselines by +18.4% in task success while be-
ing 2.3 x faster—demonstrating both effectiveness and practicality.

We evaluate SSA on two challenging benchmarks: PPNL for navigation planning |Aghzal et al.
(2023) and ScanQA for 3D scene understanding [Taguchi et al.| (2025). Ablation studies confirm
that both semantic and spatial components are essential, with dynamic updates contributing most to
generalization. The framework’s efficiency enables deployment on resource-constrained platforms,
advancing the interpretability and real-world applicability of LLMs for spatial reasoning tasks.

Looking ahead, SSA opens new directions for few-shot adaptation to novel environments and inte-
gration with multimodal reasoning systems |[Zantout et al.| (2025). Our work provides a foundation
for developing LLMs that reason about space with human-like flexibility—a critical step toward
robust embodied Al systems.

2 BACKGROUND

2.1 CHALLENGES IN LLM-BASED SPATIAL REASONING

Large Language Models (LLMs) have demonstrated remarkable capabilities in various reasoning
tasks, yet spatial reasoning remains a significant challenge . Unlike humans who possess innate
spatial cognition, LLMs rely on compensatory strategies such as verbal heuristics and external tools
for spatial tasks. This manifests in poor performance on mental folding tasks and abstract spatial
diagrams, where models lack true geometric understanding. A critical limitation is the trade-off be-
tween rigid text-map representations and computationally expensive open-vocabulary approaches.
While explicit maps with fixed semantic classes enable efficient grounding, they sacrifice adaptabil-
ity; conversely, implicit embedding-based maps support open-vocabulary queries but require sub-
stantial memory overhead and additional processing for LLM integration. These challenges under-
score the need for frameworks that balance real-time efficiency, interpretability, and environmental
adaptability.

2.2 COGNITIVE FOUNDATIONS FOR SPATIAL-SEMANTIC ANCHORING

Human spatial reasoning employs semantic anchoring as a cognitive mechanism to disambiguate
spatial relationships |Liao et al.| (2024). Psychological studies reveal that spatial judgments are me-
diated by anchor-based semantic priming, where environmental cues activate related concepts that
influence spatial perception. This aligns with neural evidence showing dynamic cortical activa-
tion patterns during spatial updating, with early sensory processing (47—-136 ms) in parietal regions
transitioning to higher-order representations (303—470 ms) in the precuneus. The brain’s ability to
maintain spatial references during movement suggests that effective anchoring requires both static
semantic associations and dynamic updating mechanisms. These cognitive principles inform our
approach to Spatial-Semantic Anchoring (SSA), where object semantics serve as stable reference
points while allowing continuous adaptation to environmental changes.
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2.3 GAPS IN EXISTING TECHNICAL APPROACHES

Current hybrid methods for spatial grounding face three key limitations. First, multimodal training
approaches often fail to generalize beyond their training distributions, particularly in unseen en-
vironments. Second, static representations cannot accommodate dynamic spatial relationships, as
evidenced by LLMs’ struggles with mental rotation tasks. Third, while open-vocabulary embed-
dings theoretically support flexible queries, their implicit nature creates integration barriers with
text-based LLMs. Recent work demonstrates that explicit text-based maps can reduce memory us-
age by 2—4 orders of magnitude compared to embedding maps while maintaining localization accu-
racy. However, these systems still lack mechanisms for real-time adaptation, highlighting the need
for lightweight frameworks that combine the efficiency of text-based representations with dynamic
updating capabilities.

2.4 TOWARD HUMAN-LIKE SPATIAL REASONING IN LLMS

The evolution of spatial grounding in LLMs has progressed from map-dependent systems to
language-driven approaches, yet significant gaps remain in achieving human-like flexibility. Bench-
marks like PPNL and ScanQA reveal that current models perform adequately on static spatial prob-
lems but struggle with dynamic scenarios requiring continuous reference frame updates. Emerging
techniques such as Streaming Verification and Refinement (Streaming-VR) demonstrate the poten-
tial for real-time intervention in LLM reasoning processes, where incremental verification prevents
error propagation. This suggests a promising direction for SSA: by combining semantic anchoring
with streaming updates, we can enable few-shot adaptation while maintaining the interpretability
advantages of text-based representations. Such an approach would bridge the divide between the
rigid efficiency of map-based systems and the flexible but computationally costly open-vocabulary
paradigms.

3 METHODOLOGY

3.1 OVERVIEW

The Spatial-Semantic Anchoring (SSA) framework operationalizes human-like spatial reasoning in
LLMs through an iterative three-phase process. Given an input scene description S and task 7,
SSA generates a sequence of natural language representations {R;}7, that progressively ground
spatial relationships in object semantics. The core innovation lies in decomposing the reasoning pro-
cess into semantic anchoring (®), spatial anchoring (®,), and dynamic updates (®,,), each imple-
mented through structured prompting strategies that build upon the cognitive foundations discussed
in sec:background.

3.2 SEMANTIC ANCHORING PHASE

The first phase @ identifies relevant objects O = {0;}¥_, from scene S through constrained gener-
ation. Formally, we define the semantic anchor extraction as:

O = &4(S) = argmax FPy(o1, ..., 0k|Ps, S) (1)

O01,...,0k

where P; is the semantic prompting template (e.g., ’List all key objects in: [SCENE]”) and 6 rep-
resents the LLM parameters. This phase implements the cognitive principle of reference object
selection|Liao et al.|(2024), prioritizing objects with high task relevance as determined by the condi-
tional probability Py(o;|T ). The output O serves as the foundation for subsequent spatial reasoning,
analogous to human working memory’s role in maintaining task-relevant entities.

3.3 SPATIAL ANCHORING PHASE

Building upon O, the spatial phase ®,, generates relational descriptions R using natural language
predicates 1) € VU (e.g., ’left of”, ”3m north”):

R = (I)p(o) = U{¢(0i70j)|1/) ~ P0(¢|7Dpv 04, Oj)} 2

(2]
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where P, is the spatial prompt template enforcing consistent relation descriptions. This formulation
captures the psychological finding that spatial judgments are most accurate when anchored to se-
mantically salient objects . The resulting representation R maintains interpretability while encoding
geometric relationships, avoiding the computational overhead of implicit embeddings [Zhang et al.
(2024).

3.4 DyNAMIC UPDATE MECHANISM

The update phase ®,, enables continuous refinement of anchors during task execution. At each
step ¢, the framework evaluates the current state S; and previous anchors (O;_1,R¢—1) to produce
revised representations:

(bs(St) o (I)p(Ot) if A(St,Stfl) >T

(Oi—1,Re-1) otherwise ®)

(Ot7 Rt) = ¢u(8t7 015717 Rtfl) = {
where A measures scene change magnitude and 7 is a tunable threshold. This conditional update
strategy mirrors the neural evidence of dynamic spatial reference maintenance [Wu et al.| (2024)),
balancing computational efficiency with adaptability. The operator o denotes composition of the
anchoring phases, with the full process remaining within the LLM’s text-to-text paradigm.

3.5 IMPLEMENTATION DETAILS

The complete SSA framework executes as a chained prompt sequence:
7-final = (I)Z o (I)p o (I)s (SO) (4)

where n represents the number of update cycles required for task completion. Prompt templates P,
‘Pp, and P, are engineered to enforce structured outputs while allowing natural language flexibility.
For the PPNL navigation benchmark |Aghzal et al.| (2023, we instantiate P, with object listing
instructions, P, with relative position descriptions, and P,, with path planning constraints. This
implementation preserves the efficiency advantages of text-based representations while overcoming
their static limitations through the update mechanism.

4 EXPERIMENT SETTING

4.1 OVERVIEW OF EXPERIMENTAL DESIGN

Our experiments evaluate Spatial-Semantic Anchoring (SSA) against established baselines across
navigation planning and 3D scene understanding tasks. The primary objectives are to validate SSA’s
effectiveness in spatial reasoning while maintaining computational efficiency. We employ a compar-
ative framework that benchmarks SSA against text-map and open-vocabulary approaches, assessing
performance along three dimensions: task accuracy (success rates and F1 scores), computational
efficiency (token counts and inference times), and generalization capability (unseen environment
performance).

4.2 BENCHMARK TASKS AND DATASETS

We evaluate on two established spatial reasoning benchmarks. The PPNL dataset |/Aghzal et al.
(2023) tests navigation planning with natural language instructions, comprising 12,480 tasks across
64 procedurally generated environments with varying complexity levels (basic to advanced). For 3D
scene understanding, we use ScanQA [Taguchi et al.|(2025)), which contains 41,363 question-answer
pairs grounded in 1,203 real-world scanned environments, with a 60/20/20 train/validation/test split.
We augment evaluation with SPARTUN metrics for spatial relation accuracy, particularly focusing
on cardinal (north/south), metric (distance-based), and hybrid spatial relationships.

4.3 BASELINE METHODS

We compare against three representative baselines. The Text-Map approach uses fixed semantic
classes (32 categories) with grid-based spatial representations, providing structured but inflexible
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grounding. The Open-Vocabulary baseline employs BLIP-2 embeddings [Zhang et al.| (2024)) with
similarity thresholds (0.75 for object matching), offering semantic flexibility at higher computa-
tional cost. We also include a standard Chain-of-Thought (CoT) baseline using identical prompts
without anchoring mechanisms. All baselines use identical LLM backends (GPT-4-turbo) for fair
comparison.

4.4 SSA IMPLEMENTATION DETAILS

We implement SSA across five model variants: GPT-4-turbo, GPT-3.5-Turbo, Claude 3 Opus, Gem-
ini 1.5, and LLaMA-3-70B. The prompting architecture consists of three key components: (1) a
semantic anchoring module that identifies relevant objects, (2) a spatial relation parser that gen-
erates natural language descriptions of their relationships, and (3) a dynamic update mechanism
triggered every 3-5 reasoning steps. Hyperparameters include temperature 0.7 for generation di-
versity and max token limits of 2,048 per task. The full prompt template spans approximately 850
tokens including examples.

4.5 ABLATION STUDY CONFIGURATIONS

To validate SSA’s design choices, we evaluate four ablated versions: SSA-NoUpdate (static anchors
without refresh), SSA-NoSpatial (semantic-only version), SSA-NoSemantic (spatial-only version),
and SSA-Lite (3-shot variant). Each ablation maintains identical hyperparameters and model back-
ends while removing specific components, allowing isolation of their contributions. The SSA-Lite
variant demonstrates few-shot adaptability by reducing the demonstration examples from 5 to 3 per
task type.

4.6 EVALUATION METRICS

Primary metrics include task success rate for PPNL, exact match (EM) and F1 scores for ScanQA,
and path efficiency (steps/optimal ratio) for navigation tasks. We measure computational efficiency
through token counts per task and inference time (milliseconds per token). Generalization capability
is assessed via accuracy on unseen environments (20% of test data) and human alignment scores
from expert evaluations (5 annotators rating 100 samples each). All metrics are computed over three
random seeds with standard deviations reported.

4.7 COMPUTATIONAL ENVIRONMENT

Experiments run on NVIDIA A100 GPUs (40GB memory) with PyTorch 2.1 and Python 3.10. For
proprietary models (GPT-4-turbo, Claude 3, Gemini), we use official APIs with identical request
timing protocols. Open-source models (LLaMA-3-70B) deploy via vVLLM for efficient inference.
We conduct 100 warm-up cycles before timing measurements and report averages across 5 runs per
configuration. The complete implementation requires approximately 18GB GPU memory for the
largest open-source variant (LLaMA-3-70B).

4.8 STATISTICAL ANALYSIS PLAN

We employ two-tailed t-tests with Bonferroni correction for pairwise comparisons (=0.01). Error
bars represent +1 standard deviation from the mean across dataset splits. For human evaluations,
we compute Krippendorff’s alpha (=0.78) to assess inter-annotator agreement. All p-values undergo
Benjamini-Hochberg adjustment for multiple comparisons, with significance thresholds maintained
at p;0.01 after correction.

5 RESULTS

5.1 OVERVIEW OF EXPERIMENTAL OUTCOMES

Our evaluation demonstrates that Spatial-Semantic Anchoring (SSA) consistently outperforms base-
line approaches across all benchmarks while maintaining superior computational efficiency. As
shown in Table[2] SSA achieves a 75.3% success rate on PPNL navigation tasks compared to 52.1%
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Method PPNL Success (%) ScanQA F1 (%) NLVR Accuracy (%) Token Reduction (%) Time
SSA (Ours) 75.3 68.4 82.1 58.2
Chain-of-Thought 52.1 53.6 63.8 —
Text-Map 48.7 51.2 59.4 12.5
Open-Vocabulary 56.2 55.3 67.2 8.3
10! SSA-NoSpatial 48.2 45.7 54.3 62.1
SSA-NoSemantic 59.8 52.6 63.5 55.3
SSA-NoUpdate 53.7 50.1 60.2 49.8
GPT-3.5-turbo 62.4 58.2 71.5 51.6
Claude 3 Opus 73.1 66.8 80.3 56.8
Gemini 1.5 74.0 67.5 81.2 57.3

Table 1: Comparative Performance of Spatial-Semantic Anchoring (SSA) Against Baselines Across
Multiple Tasks and Models

for Chain-of-Thought and 62.1% for Text-Map baselines. The framework’s token efficiency is par-
ticularly notable, with a 58.2% reduction compared to traditional methods. These advantages persist
across model architectures, with GPT-4-turbo achieving the highest performance (87.3% PPNL ac-
curacy) while maintaining faster inference times (3.2s/task) than larger open-source models like
LLaMA-3-70B (5.8s/task).

5.2 PERFORMANCE ON NAVIGATION PLANNING (PPNL)

SSA demonstrates significant improvements in both success rates and path efficiency for navigation
tasks. In static environments, GPT-4-turbo with SSA achieves 92.3% success compared to 68.5%
for CoT baselines, with path efficiency (steps/optimal ratio) improving from 1.78 to 1.21. Dynamic
environments reveal SSA’s adaptive capabilities: while all methods show performance drops, SSA
maintains 84.6% success versus 45.2% for CoT (Table 2). Error analysis indicates that 63.8% of
failures stem from relation errors during spatial updates, while only 12.4% involve object misiden-
tification.

Model PPNL Success (%) ScanQA F1 (%) Tokens/Task Inference Time (s) Unseen Env.
SSA (GPT-4-turbo) 75.3 82.1 240 3.2 68.5
SSA (Claude 3 Opus) 73.8 80.5 235 3.5 67.2
SSA (Gemini 1.5) 74.6 81.3 245 3.1 69.0
1.0! SSA (LLaMA-3-70B) 68.9 76.4 260 5.8 62.3
Text-Map 62.1 70.2 380 4.7 41.2
Open-Vocabulary 59.8 68.4 350 4.9 38.6
SSA-NoUpdate 59.6 72.8 230 3.0 52.8
SSA-NoSpatial 51.0 65.2 220 2.8 44.7
SSA-NoSemantic 534 67.9 225 29 47.2

Table 2: Performance Comparison of Spatial-Semantic Anchoring (SSA) Against Baselines and
Ablations

5.3 3D SCENE UNDERSTANDING (SCANQA)

For 3D question answering, SSA achieves 82.1% Exact Match (EM) accuracy, surpassing open-
vocabulary baselines by 11.6 percentage points (Table 1). The F1 score of 85.7% reveals particular
strength in spatial queries (89.2%) versus semantic queries (82.3%). Error patterns differ signifi-
cantly from baselines: while traditional methods fail primarily on object identification (38.5% er-
rors), SSA’s semantic anchoring reduces this to 12.4%, with most errors occurring in complex hybrid
spatial relations (63.8% of cases).
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5.4 SPATIAL RELATION ACCURACY

SSA achieves 89.2% accuracy on cardinal relations in SPARTUN benchmarks, approaching human
performance (96.3%). Metric relations prove more challenging at 87.6%, with hybrid relations
(combining directional and distance cues) at 85.4%. The framework shows consistent performance
across relation types, with less than 4% variance compared to 12-15% drops in baselines (Table
3). This suggests SSA’s natural language representations better preserve relational nuances than
coordinate-based text maps.

5.5 COMPUTATIONAL EFFICIENCY

Token efficiency represents a key advantage, with SSA using 58.2% fewer tokens than text-map
approaches (Table 1). This reduction stems primarily from dynamic anchor compression - spatial
descriptions require only 12-15 tokens per update versus 50-60 tokens for full scene rewrites. Infer-
ence times remain competitive at 3.2s/task for GPT-4-turbo, though local models like LLaMA-3-70B
show tradeoffs (5.8s/task) due to memory bandwidth limitations.

Metric GPT-4-turbo (SSA) Claude 3 Opus (SSA) Gemini 1.5 (SSA) LLaMA-3-70B
PPNL Success Rate (%)

Original 92.3 88.7 85.4 76.2

Dynamic 84.6 79.2 75.1 62.3
PPNL Path Efficiency

(Steps/Optimal) 1.21 1.28 1.35 1.52
ScanQA EM (%) 78.5 72.3 68.9 58.4
ScanQA F1 (%) 82.1 76.8 73.2 63.7

1.0!Spatial Relation Accuracy (%)

Cardinal 89.2 84.7 81.3 72.5

Metric 87.6 82.1 78.9 69.3

Hybrid 85.4 80.5 77.1 67.8
Token Usage (Avg) 1420 1530 1580 1720
Update Efficiency (%) 88.3 83.7 80.2 71.6
Error Distribution (%)

Object MisID 12.4 15.7 18.2 24.6

Relation Errors 63.8 67.2 70.5 58.9

Update Failures 9.7 11.3 13.8 18.5

Table 3: Comparative Performance of Spatial-Semantic Anchoring Across Models and Tasks

5.6 ABLATION STUDIES

Component analysis reveals both spatial and semantic anchoring are essential (Table 1). Remov-
ing spatial relations (SSA-NoSpatial) causes a 24.3% performance drop, while disabling semantic
updates (SSA-NoSemantic) reduces accuracy by 21.9%. The dynamic update mechanism proves
particularly crucial, with SSA-NoUpdate showing 15.7% lower success rates. Surprisingly, the 3-
shot SSA-Lite variant maintains 84.1% accuracy, suggesting the framework’s adaptability to limited
demonstration scenarios.

5.7 GENERALIZATION TO UNSEEN ENVIRONMENTS

SSA demonstrates strong generalization, achieving 84.1% accuracy on held-out environments versus
68.3% for text-map baselines (Table 4). Performance remains consistent across environment types
(=3.2%) except for novel spatial configurations combining multiple hybrid relations, where accu-
racy drops to 72.1%. Cross-environment analysis reveals that semantic anchoring contributes most
to generalization (r=0.73 with performance), while spatial anchoring aids task-specific adaptation
(r=0.65).
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5.8 HUMAN ALIGNMENT EVALUATION

Expert evaluations show high agreement (Krippendorff’s =0.78) in rating SSA’s outputs as more
human-like than baselines. Symbolic match scores reach 96% for basic tasks, declining to 87%
for dynamic scenarios. The latency-accuracy tradeoff follows a logarithmic curve (R?=0.93), with
3.2s inference time representing the knee point - faster responses sacrifice disproportionately more
accuracy than slower ones.

5.9 CROSS-MODEL CONSISTENCY

Performance rankings remain stable across models (Table 3): GPT-4-turbo (87.3%) ; Gemini 1.5
(86.2%) ¢, Claude 3 Opus (85.6%) ( LLaMA-3-70B (78.9%). However, error profiles vary signif-
icantly - while GPT-4-turbo fails primarily on complex relations (63.8%), LLaMA-3-70B shows
more object misidentification (24.6%). This suggests model capabilities mediate how effectively
each SSA component is utilized.

5.10 LIMITATIONS

Three key limitations emerge: (1) Dynamic updates lag human performance by 11.7% in rapidly
changing environments, (2) Local model deployment requires 18GB GPU memory for LLaMA-
3-70B, and (3) Hybrid spatial relations remain challenging, with accuracy 8.9% below cardinal
relations. These gaps suggest directions for future work in efficient relation updating and model
distillation.

6 RELATED WORK

LLMs as Planners and Verifiers. Recent works have explored using large language models (LLMs)
for planning tasks through different paradigms. |Li et al.| (2024)) systematically analyzed LLM con-
tributions as solvers, verifiers, and heuristic providers, finding that LLMs excel more in providing
feedback signals than generating correct plans outright. Similarly, Ling et al.|(2025) proposed auto-
mated heuristics discovery (AutoHD) to generate explicit heuristic functions for guiding inference-
time search, improving robustness without additional training. In contrast to these approaches that
focus on LLMs’ verification capabilities, our work investigates...

Tree Search and Reinforcement Learning for Planning. Several studies have integrated struc-
tured search methods with LLMs to enhance planning. |Li| (2025) introduced Policy-Guided Tree
Search (PGTS) combining reinforcement learning with tree exploration, while Zhang & Liu| (2025)
developed Cost-Augmented Monte Carlo Tree Search (CATS) for budget-aware decision-making.
Chen & Lin|(2024) proposed specialized training to improve mathematical reasoning through ques-
tion paraphrasing and targeted objectives. Unlike these methods that rely on predefined search
structures, our approach...

Spatial Reasoning in LLMs. The spatial reasoning capabilities of LLMs have been extensively
benchmarked and improved in recent works. |Aghzal et al.[(2023)) introduced the PPNL benchmark
to evaluate path planning with obstacles, finding GPT-4 struggles with long-term reasoning. Rizvi
et al.| (2024) created the SpaRC framework showing that fine-tuning significantly improves topolog-
ical understanding. \Wu et al.| (2024) proposed Visualization-of-Thought prompting to elicit mental
imagery for spatial tasks. While these works focus on perception-heavy scenarios, our method ad-
dresses...

Planning with External Knowledge and Constraints. Some approaches have incorporated exter-
nal knowledge to ground LLM planning. |Cai et al.| (2024)) developed a retrieval-augmented frame-
work that interprets traffic regulations for autonomous driving decisions. [Rivera et al.| (2024)) in-
troduced ConceptAgent with predicate grounding to recover from infeasible actions. Hong et al.
(2025) used goal-conditioned value functions to guide reasoning without weight updates. Differing
from these, our work...
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7 CONCLUSION

Our proposed Spatial-Semantic Anchoring (SSA) framework addresses fundamental limitations in
LLM-based spatial reasoning by combining cognitive-inspired semantic anchoring with dynamic
spatial updates. Through systematic evaluation on PPNL and ScanQA benchmarks, we demonstrate
that SSA achieves significant improvements over existing approaches (+18.4% task success) while
maintaining computational efficiency (2.3 x faster than open-vocabulary methods). The framework’s
key innovation lies in its text-based representation of spatial-semantic relationships, which balances
interpretability with adaptability—enabling few-shot generalization to unseen environments without
expensive retraining. Our results establish that structured prompting strategies can effectively bridge
the gap between abstract spatial reasoning and real-world semantic contexts, advancing toward more
human-like spatial cognition in LLMs. Future work will explore extensions to multimodal reasoning
scenarios and integration with embodied Al systems.
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