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Abstract

Spatial reasoning, the ability to represent and
reason about spatial relations, geometry, topol-
ogy, and embodied environments, is increas-
ingly vital for evaluating and deploying large
language models (LLMs) and vision–language
models (VLMs). While multimodal foundation
models show strong performance on spatial
benchmarks, navigation, and embodied plan-
ning, much of this stems from shallow pattern
matching rather than grounded spatial under-
standing. This review offers a comprehensive,
framework-driven analysis of spatial reason-
ing in LLMs and VLMs, covering tasks, rep-
resentations, datasets, benchmarks, architec-
tures, training, and failure modes. We also
link spatial reasoning to embodied AI, empha-
sizing challenges in generalization, composi-
tionality, and grounding. Our survey unifies
diverse fields, NLP, vision, robotics, and cogni-
tive science, to guide the development of truly
spatially grounded foundation models.

1 Introduction

Spatial reasoning is fundamental to intelligent be-
havior, enabling agents to perceive, interpret, and
act within structured environments, and is espe-
cially critical for vision-language models (VLMs)
in embodied settings (Chen et al., 2024; Munje
et al., 2025; Song et al., 2025a). For VLMs, spatial
competence supports relational understanding, nav-
igation, manipulation, and quantitative estimation,
directly affecting reliability in real-world applica-
tions (Chen et al., 2024; Song et al., 2025a). Al-
though early visual question answering suggested
promising capabilities, later studies show that ro-
bust spatial understanding remains limited, particu-
larly beyond simplified 2D scenes (Johnson et al.,
2017; Hudson and Manning, 2019). This weakness
is critical in robotics and embodied AI, where spa-
tial inference failures can cause real-world errors
(Feng et al., 2025; Ma et al., 2026).

LLMs and VLMs struggle with spatial reason-
ing because spatial concepts are continuous, multi-
referential, and perspective-dependent, requiring
grounded representations beyond symbolic patterns
(Stogiannidis et al., 2025; Tasnim et al., 2026).
Many models rely on 2D cues and dataset biases,
leading to brittle performance under viewpoint
shifts and occlusion (Pothiraj et al., 2025; Wang
and Ling, 2025; Zha et al., 2025). Difficulties in-
crease with multi-step relational composition and
metric estimation, which remain challenging for
autoregressive models (Chen et al., 2024; Jia et al.,
2026a). Strong benchmark performance often fails
to generalize to 3D reasoning or perspective-taking
(Suhr et al., 2017), while embodied and navigation
benchmarks expose limitations even in top models,
suggesting reliance on pattern recognition rather
than genuine world modeling (Danish et al., 2025;
Song et al., 2025b).

In this survey, we review spatial reasoning in
large language and vision–language models, focus-
ing on the gap between benchmark performance
and genuine spatial understanding. Drawing on
cognitive science and geometry, we distinguish
spatial reasoning from recognition and pattern
matching(§2) and introduce a multi-axis frame-
work (§3) spanning task demands, spatial relations,
reasoning methods, representations, and tempo-
ral–memory needs across NLP, vision, and robotics.
This framework exposes persistent gaps in ground-
ing, metric consistency, and long-term inference,
and links recurring failure modes to mitigations and
residual limitations (Table 3; §4). The appendix
covers evaluation protocols, architectures, training,
reasoning-time interventions, embodied reasoning,
and future directions (§C–I).

2 Foundations of Spatial Reasoning

♦ Cognitive and Geometric Definitions. Spa-
tial reasoning involves representing and inferring
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relationships among objects, encompassing both
qualitative aspects like symbolic relations (contain-
ment, adjacency, direction) and quantitative aspects
such as distance, angle, and scale (Tasnim et al.,
2026; Chen et al., 2024). Classical frameworks
distinguish topological relations invariant to de-
formation, projective relations dependent on view-
point, and metric relations requiring explicit ge-
ometric grounding (Tasnim et al., 2026). While
some topological and projective relations can be
approximated from 2D cues, robust metric reason-
ing relies on depth, scale, or multi-view consistency
(Pothiraj et al., 2025). These distinctions are crucial
for evaluating foundation models, as competence in
one type does not guarantee competence in others.
♦ Spatial Reasoning vs. Visual Recognition.
Spatial reasoning differs from visual recognition,
which focuses on identifying objects and attributes;
spatial reasoning requires modeling relations and
reasoning about configurations under transforma-
tion or partial views (Johnson et al., 2017; Hudson
and Manning, 2019). Models often perform well
on detection or captioning but fail basic relational
or metric spatial queries (Suhr et al., 2017; Pothiraj
et al., 2025), with dataset biases enabling short-
cut learning of spatial correlations without true un-
derstanding (Wang and Ling, 2025). Recognition-
based pipelines lack mechanisms for global spatial
consistency, causing contradictions across view-
points or counterfactuals (Jia et al., 2026a; Danish
et al., 2025). Thus, spatial reasoning should be
evaluated separately from perceptual performance.
♦ Human Spatial Cognition and AI Parallels.
Human spatial cognition combines mental imagery,
symbolic abstraction, and sensorimotor interac-
tion to support mental rotation, perspective-taking,
and navigation (Stogiannidis et al., 2025; Tasnim
et al., 2026). These complex transformations re-
veal underlying spatial representations and im-
pose cognitive load (McMains and Somers, 2005).
Foundation models struggle especially when align-
ing egocentric and allocentric frames or with am-
biguous cues (Pothiraj et al., 2025; Munje et al.,
2025). Embodied navigation highlights the impor-
tance of memory, temporal integration, and action-
conditioned perception, aspects static VLMs han-
dle poorly (Song et al., 2025a; Zhang et al., 2025e).
Advancing AI spatial reasoning likely requires ar-
chitectures and training more closely aligned with
human cognition. A glossary of spatial reasoning
terms and technical terms for general understand-
ing is provided in Table 2.

3 Spatial Reasoning in LLMs/VLMs

Here we examine how large language and vi-
sion–language models handle spatial reasoning
across five complementary dimensions, highlight-
ing key capabilities and limitations (Figure 2). Ex-
amples of each type are also available in Table 1.

Two dimensions deserve explicit clarification to
avoid confusion. Task-Level Reasoning (§3.1) or-
ganizes work by perceptual grounding and input
modality: text-only, image-based, video, 3D multi-
view, and embodied. These categories differ in
observability, interaction constraints, and sensory
input. Relation-Level Reasoning (§3.2) instead or-
ganizes work by the type of spatial relationship be-
ing reasoned about: topological, directional, metric,
perspective-dependent, and compositional. These
relation types are orthogonal to task-level modality;
for example, metric reasoning arises in both static
image tasks and embodied navigation, while direc-
tional reasoning appears in text-only and 3D multi-
view settings alike. Cross-references between these
two dimensions are provided throughout.

3.1 Task-Level Reasoning

Spatial reasoning tasks for foundation models
range from text-only linguistic inference to image,
video, and spatiotemporal challenges that increase
perceptual demands, often revealing reliance on
2D shortcuts and brittle reasoning (Li et al., 2024a;
Sharma and Vats, 2025; Song et al., 2024; Xu et al.,
2025b). The most complex tasks: 3D, multi-view,
and embodied agentic settings, require viewpoint
invariance, and long-term memory, showing that
perceptual skills alone are insufficient without in-
tegrated depth reasoning and action-conditioned
models.
■ Text-Only Spatial Reasoning. Text-only spatial
tasks evaluate models’ ability to manipulate spatial
relations abstractly, isolating symbolic inference
from perceptual noise, and include benchmarks for
relative-position algebra, multi-step map reason-
ing, and hypothetical reconfiguration (Du et al.,
2024; Li et al., 2024a; Liao et al., 2024; Ramakr-
ishnan et al., 2025; Sharma and Vats, 2025). While
LLMs often handle simple transitive or single-hop
relations, they struggle with longer compositions
and implicit metric constraints (Du et al., 2024; Li
et al., 2024a; Sharma and Vats, 2025; Ramakrish-
nan et al., 2025). Several studies highlight that text-
only tasks can overestimate real-world spatial com-
petence due to the lack of grounding in depth or oc-
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A. Task-Level
Reasoning

Text-Only
StepGame (Shi et al., 2022); SpartQA (Mirzaee et al., 2021);

EmbSpatial-Bench (Du et al., 2024); SPaRC (Kaesberg et al., 2025);
MARBLE (Jiang et al., 2025); SpatiaLab (Wasi et al., 2026a)

Image-Based

CLEVR (Johnson et al., 2017); GQA (Hudson and Manning, 2019);
SPARE3D (Han et al., 2020); VSR (Liu et al., 2023); SpinBench (Zhang

et al., 2026); WinoViz (Jin et al., 2024); CAPTURe (Pothiraj et al., 2025);
3DSRBench (Ma et al., 2025a); StarCraftImage (Kulinski et al., 2023)

Video / Spatiotemporal
VLM4D (Zhou et al., 2025b); SIRI-Bench (Song et al., 2026); Spatial-

DISE (Huang et al., 2026a); FoundationMotion (Gan et al., 2025);
NuScenes-SpatialQA (Tian et al., 2025); DSI-Bench (Zhang et al., 2025j)

3D and Multi-View
Open3DVQA (Zhang et al., 2025f); SURPRISE3D (Huang et al., 2025b); SORT3D

(Zantout et al., 2025); SpatialReasoner (Ma et al., 2025b); SpaceVista (Sun et al., 2026);
ViewSpatial-Bench (Li et al., 2026); SPhyR (Siedler, 2026); SPHERE (Zhang et al., 2024)

Embodied / Agentic
iVISPAR (Mayer et al., 2025); BALROG (Paglieri et al., 2025); RoboSpatial

(Song et al., 2025a); SocialNav-SUB (Munje et al., 2025); EmbodiedVSR (Zhang
et al., 2025g); MMIU (Meng et al., 2025); GeoAnalystBench (Zhang et al., 2025d)

B. Relation-
Level

Reasoning

Topological Relations
Containment, adjacency, support. GQA (Hudson and Manning, 2019); VSR

(Liu et al., 2023); SpatialRGPT (Cheng et al., 2024). Brittle under oc-
clusion / visual noise (Huang et al., 2025b; Ramakrishnan et al., 2025)

Directional Relations
Egocentric (left/right), allocentric (cardinal), object-centric fronts/backs. SpinBench (Zhang

et al., 2026); Orient Anything (Wang et al., 2025d); SPaRC (Kaesberg et al., 2025);
SPhyR (Siedler, 2026) (Liao et al., 2024; Shiri et al., 2024; Ramakrishnan et al., 2025)

Metric & Quantitative
Distance, size, angle, volume. MapEval (Dihan et al., 2025); SolidGeo

(Wang et al., 2025a); Open3DVQA (Zhang et al., 2025f); CompareBench
(Cai, 2026); SSR (Liu et al., 2025a); DynaSolidGeo (Wu et al., 2025a)

Perspective-Dependent
Mental rotation, cross-view consistency. SPARE3D (Han et al., 2020); Spin-

Bench (Zhang et al., 2026); SpatialReasoner (Ma et al., 2025b); iVISPAR (Mayer
et al., 2025) (Chen et al., 2026b; Liao et al., 2025; Ramakrishnan et al., 2025)

Relational Composition
Nested relations, transitive inference, constraint satisfaction. StepGame (Shi

et al., 2022); SPaRC (Kaesberg et al., 2025); SpatialCoT (Liu et al., 2025d); VoT
(Wu et al., 2024) (Song et al., 2024; Cao et al., 2025; Sharma and Vats, 2025)

C. Reasoning
Processes

Single-Hop Reasoning
Direct one-step relational query; often solvable by pattern match-

ing. SpatialPrompting (Taguchi et al., 2025) (zero-shot) (Song et al.,
2024; Du et al., 2024; Li et al., 2024a; Ramakrishnan et al., 2025)

Multi-Hop / Sequential

Intermediate state maintenance across steps. StepGame (Shi et al., 2022);
SPaRC (Kaesberg et al., 2025); iVISPAR (Mayer et al., 2025). DPO + MCTS:

SpatialReasoner-R1 (Xu et al., 2025a); LEGO-Puzzles (Tang et al., 2026); MAR-
BLE (Jiang et al., 2025) (Liu et al., 2025d; Ma et al., 2025c; Shen et al., 2025b)

Compositional Reasoning
Multi-relation synthesis. VoT (Wu et al., 2024); SpatialCoT (Liu et al.,

2025d); M2-Reasoning (AI et al., 2025); Sparkle (Tang et al., 2025)
(Cao et al., 2025; Ramakrishnan et al., 2025; Zhang et al., 2025h)

Dynamic / Predictive
Future-state forecasting. VLM4D (Zhou et al., 2025b); FoundationMotion

(Gan et al., 2025). World-model components outperform discriminative base-
lines (Fei et al., 2024; Wei et al., 2025; Ma et al., 2025c; Xu et al., 2025b)

Counterfactual /
Hypothetical

What-if spatial scenarios. WorldLM / DyVA (Zhang et al., 2025c). Un-
derrepresented in benchmarks; requires explicit simulators (Du et al.,
2024; Ramakrishnan et al., 2025; Liu et al., 2025f; Cao et al., 2025)

D.
Representation-

Level

Implicit Latent
Dense embeddings, attention maps. Scalable but lack metric seman-

tics; brittle to viewpoint / occlusion changes (Chen et al., 2025a; Song
et al., 2024; Li et al., 2024a; Zhang et al., 2026; Huang et al., 2025b)

Structured Symbolic
Scene graphs, object-centric layouts. GQA (Hudson and Manning, 2019); NLVR2 (Suhr et al.,
2017); FloorplanQA (Rodionov et al., 2026); Answer Set Programming (Wang and Sun, 2026);

SpatialReasoner (Ma et al., 2025b) (Cao et al., 2025; Liu et al., 2025d; Zhang et al., 2025h)

Geometric & Metric
Depth maps, voxel grids, point clouds. SORT3D (Zantout et al., 2025); Spatial-
Reasoner (Ma et al., 2025b); Euclid30K (Lian et al., 2025). Viewpoint-invariant

queries (Chen et al., 2024; Fan et al., 2026; Huang et al., 2025b; Zhang et al., 2024)

Hybrid Neuro-Symbolic
Neural perception + symbolic reasoning. GCA (Chen et al., 2025b);
ReGUIDE (Lee et al., 2025); SpatialCoT (Liu et al., 2025d). Long-

horizon planning (Liao et al., 2024; Meng et al., 2025; Zhang et al., 2025b)

World-Model-Based
Internal environment simulators. WorldLM / DyVA (Zhang et al., 2025c);

MindJourney (Yang et al., 2025); InSpire (Zhang et al., 2025a); Video2Layout
(Huang et al., 2026b) (Fei et al., 2024; Liu et al., 2025f; Wei et al., 2025)

E. Tem-
poral &
Memory

Short-Term Context
Single scene / brief window. SPARE3D (Han et al., 2020); VSR (Liu
et al., 2023). Good on static tasks; brittle under perturbation (Chen
et al., 2025a; Xie et al., 2026; Zhan et al., 2025; Zhao et al., 2025)

Long-Term Spatial Memory
Persistent maps and layouts. iVISPAR (Mayer et al., 2025); BALROG

(Paglieri et al., 2025); VLM-Memory (Liu et al., 2026); SpatialViz-Bench
(Wang et al., 2026b). RL reward shaping (Li et al., 2025b; Bai et al., 2026)

Episodic vs. Semantic
Episodic: instance-specific traces. Semantic: generalised spatial knowl-

edge. SpatialCoT (Liu et al., 2025d); Retrieval-Aug. Perception (Wang et al.,
2025c) (Qi et al., 2025a; Ramakrishnan et al., 2025; Zhou et al., 2025a)

Memory under
Partial Observability

Noisy / intermittent input. MMIU (Meng et al., 2025); UP-VLA (Zhang
et al., 2025b); LongVU (Shen et al., 2025a). Replanning and simulation-

based adaptation (Marsili et al., 2025; Wang et al., 2025e; Zhao et al., 2026b)

Figure 1: Multi-axis taxonomy of spatial reasoning in LLMs and VLMs. (A) Task-level input modality; (B) relation
type; (C) reasoning process; (D) internal representation; (E) temporal and memory dimension. Leaf nodes list
representative benchmarks and methods, with citations.
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clusion, stressing the need for explicit mechanisms
to map symbols to perceptual primitives (Song
et al., 2024; Cao et al., 2025; Ma et al., 2025c).
Datasets like StepGame and SpartQA exemplify
this category, including more complex counterfac-
tual and multi-hop variants that test compositional
understanding but remain limited by the absence of
visual grounding (Li et al., 2024b; Mirzaee et al.,
2021; Mayer et al., 2025).
■ Image-Based Spatial Reasoning. Image-based
reasoning on static scenes tests relational under-
standing of object position, occlusion, orienta-
tion, and geometry, dominating vision-language
research (Song et al., 2024; Jin et al., 2024; Zhang
et al., 2026, 2025h; Huang et al., 2025b; Han et al.,
2020). Synthetic diagnostics (CLEVR, SPARE3D,
VSR) and real-image benchmarks (GQA, NLVR2)
show recognition or captioning success does not
guarantee robust spatial reasoning, with persistent
errors in distance, occlusion, orientation, and com-
positional relations caused by 2D shortcuts and
dataset bias (Feng et al., 2026; Liao et al., 2024;
Shiri et al., 2024; Zhang et al., 2026). Advances
include richer supervision, scene-graph losses,
relation-centric training, and planning-oriented
models improving fine-grained and long-horizon
inference, yet purely 2D supervision limits remain
(Li et al., 2024d; Zhang et al., 2025h; Liu et al.,
2025d; Zhang et al., 2025g). Challenging scenar-
ios like multi-agent scenes, diagrams, multi-view
consistency, and viewpoint-invariant 3D reasoning
(e.g., StarCraftImage (Kulinski et al., 2023), 3DSR-
Bench (Ma et al., 2025a)) highlight perspective-
taking and cross-view alignment gaps, emphasiz-
ing the need for explicit relational and geometric
modeling beyond static images (Sun et al., 2025;
Xue et al., 2026). These limitations foreshadow
the shortcut learning and metric deficiency failure
modes detailed in §4.
■ Video and Spatiotemporal Reasoning. Video
tasks require integrating temporal information,
tracking objects, inferring motion and causality,
and predicting future states, challenging frame-
level models (Wei et al., 2025; Fei et al., 2024; Xu
et al., 2025b; Wang et al., 2025d). Benchmarks like
VLM4D, FoundationMotion, SIRI-Bench, Spatial-
DISE, and NuScenes-SpatialQA reveal naive frame
aggregation fails to capture persistence, occlusion,
and dynamics. Models with temporal state, mem-
ory, or dynamics modeling improve but still strug-
gle with long-horizon generalization and annota-
tion costs (Zhou et al., 2025b; Gan et al., 2025;

Song et al., 2026; Huang et al., 2026a; Tian et al.,
2025; Liu et al., 2025d). Recent methods explore
world models, video diffusion reasoning, structured
subspaces, and task-specific optimization to en-
hance dynamic spatial understanding, yet attention
mechanisms often misalign with geometric features
(Yang et al., 2025; Wang et al., 2025e; Ouyang,
2025). Spatiotemporal reasoning remains a frontier
linking perception, dynamics, and planning, with
current VLMs far from robust predictive and coun-
terfactual reasoning (Ramakrishnan et al., 2025;
Kamath et al., 2023; Li et al., 2025a).
■ 3D and Multi-View Spatial Reasoning. 3D
and multi-view tasks test volumetric understanding,
viewpoint invariance, and metric consistency, criti-
cal for robotics and scene understanding but diffi-
cult for mostly 2D-trained models (Doh et al., 2025;
Zhan et al., 2025; Zhang et al., 2024; Zhou et al.,
2025a). Benchmarks like Open3DVQA (Zhang
et al., 2025f), SURPRISE3D (Huang et al., 2025b),
SORT3D (Zantout et al., 2025), and SpatialRea-
soner (Ma et al., 2025b) reveal failures in occlusion-
aware reasoning, depth consistency, and multi-view
feature alignment. Incorporating depth supervision,
multi-view fusion, and geometric biases (e.g., point
clouds, voxels) improves robustness but reduces
scalability and label efficiency (Meng et al., 2024;
Fan et al., 2026). Research advocates separating
viewpoint alignment from recognition in evaluation
and extends reasoning to generative and CAD tasks,
where metric consistency governs 3D scene syn-
thesis and design (Zhan et al., 2025; Zhang et al.,
2026; Wang et al., 2025d; Fang, 2025; Ran et al.,
2025; Wang et al., 2025b).
■ Embodied and Agentic Spatial Reason-
ing. Embodied spatial reasoning involves percep-
tion–action loops under partial observability, where
planning, memory, affordance reasoning, and be-
lief updating are as vital as perception. Naviga-
tion, manipulation, and interactive QA benchmarks
reveal a knowing–doing gap: models can verbal-
ize spatial facts but fail in consistent action, map
maintenance, and error recovery, showing brittle-
ness to embodiment shifts, sensor noise, and occlu-
sion (Zhao et al., 2025; Zhang et al., 2025g; Liu
et al., 2025f; Wang et al., 2025c; Ramakrishnan
et al., 2025; Zhou et al., 2025a). Systems com-
bining world models, episodic memory, symbolic
planners, or reinforcement learning (RL) excel on
long-horizon tasks, with evaluations emphasizing
plan consistency and replanning over stepwise ac-
curacy (Liu et al., 2025f; Zhao et al., 2025; Wang
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et al., 2025c; Liu et al., 2025d; Zhao et al., 2026b).
Recent work expands to bio-inspired navigation
(BrainNav), program synthesis for 3D reasoning,
language-grounded robotics, and efficient embod-
ied models, showing diverse approaches and chal-
lenges in unifying evaluation across planning and
control (Liao et al., 2024; Meng et al., 2025; Zhang
et al., 2025b; Ishida, 2024; Bai et al., 2026; Marsili
et al., 2025; Qi et al., 2025b; Mayer et al., 2025;
Paglieri et al., 2025; Liu et al., 2025c; Traore et al.,
2025).
These challenges directly instantiate the knowing–
doing gap described in §4.

3.2 Relation-Level Reasoning
Relation-level reasoning focuses on how models
understand and infer the type and properties of
spatial relationships between objects, independent
of the input modality (Task-Level, §3.1). These
relation categories apply across text-only, image,
video, 3D, and embodied settings. See Table 1 for
examples.
■ Topological Relations. Topological relations
like containment, adjacency, and support are quali-
tative and invariant to deformation, making them
among the easiest spatial relations for LLMs and
VLMs, with good performance on benchmarks
such as GQA and VSR, though often relying on
dataset regularities rather than true relational ab-
straction (Song et al., 2024; Du et al., 2024; Jin
et al., 2024; Zhang et al., 2026, 2025h; Cheng
et al., 2024; Hudson and Manning, 2019; Liu et al.,
2023). However, accuracy declines sharply in com-
positional contexts, under occlusion, or with visual
noise, showing that simple predicate competence
is necessary but insufficient for robust reasoning
(Huang et al., 2025b; Liao et al., 2024; Ramakrish-
nan et al., 2025; Mayer et al., 2025). Therefore, tar-
geted diagnostics and counterfactual perturbations
remain crucial to separate superficial pattern learn-
ing from genuine topological understanding (Song
et al., 2024; Ramakrishnan et al., 2025; Sharma
and Vats, 2025).
■ Directional Relations. Directional relations like
egocentric (left/right), allocentric (cardinal direc-
tions), and object-centric fronts/backs require clear
reference frames and are sensitive to viewpoint
shifts and annotation differences, causing system-
atic errors when frames or object axes misalign
with camera axes (Wang et al., 2025d; Jin et al.,
2024; Zhang et al., 2025h; Liao et al., 2024). While
adding orientation supervision or explicit frame en-

coding improves robustness, no standard diagnos-
tics for frame sensitivity exist, making directional
reasoning a persistent challenge across datasets and
real-world versus simulation settings (Wang et al.,
2025d; Zhang et al., 2026; Cao et al., 2025; Liu
et al., 2025d). Empirical studies show LLMs han-
dle topological relations better but struggle with
directional and metric ones, especially in multi-
hop and dynamic composition tasks (Rizvi et al.,
2024; Liao et al., 2024; Meng et al., 2025; Zhang
et al., 2025b; Song et al., 2026), while 3D simula-
tions and benchmarks like (Siedler, 2026) highlight
ongoing difficulties with qualitative spatial rela-
tions and orientation consistency (Li et al., 2024c;
Gholami et al., 2025; Han et al., 2020; Liu et al.,
2023; Zantout et al., 2025). Overall, viewpoint-
dependence and metric inconsistency make direc-
tional reasoning a major failure mode in both static
and video spatial data (Shiri et al., 2024; Ramakr-
ishnan et al., 2025).
■ Metric and Quantitative Relations. Metric
relations involving distances, sizes, angles, and
volumes reveal a key limitation in many founda-
tion models: lacking stable internal scale or depth
awareness, they often confuse relative scale cues
with dataset biases, leading to systematic errors in
scenes with unusual camera settings or object sizes
(Zhang et al., 2025f; Huang et al., 2025b; Feng
et al., 2026; Zhang et al., 2024; Liao et al., 2025).
Incorporating explicit geometric components like
depth prediction, point-cloud reasoning, or metric
losses improves performance but incurs annotation
and computational costs and can reduce robustness
to domain shifts (Zhang et al., 2025f; Cao et al.,
2025; Zhang et al., 2024; Liao et al., 2025). Con-
sequently, metric reasoning requires architectural
grounding or targeted supervision rather than aris-
ing from large-scale pretraining alone (Huang et al.,
2025b; Zhao et al., 2026a; Zhang et al., 2025i).
Geo-spatial benchmarks such as MapEval (Dihan
et al., 2025) and others like SolidGeo (Wang et al.,
2025a), CompareBench (Cai, 2026), DynaSolid-
Geo (Wu et al., 2025a), and SSR (Liu et al., 2025a)
demonstrate persistent deficiencies in metric un-
derstanding compared to humans. This persistent
deficiency corresponds to the metric failure mode
in §4 and motivates the geometric and metric repre-
sentations discussed in §3.1.
■ Perspective-Dependent Relations. Relations
requiring mental rotation, mirror/reflection reason-
ing, and cross-perspective consistency demand in-
ternal transformations or viewpoint normalization,
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but VLMs and LLMs commonly fail on rotated or
mirrored scenes unless trained with multi-view data
or equipped with explicit transformation operators
(Zhang et al., 2025d; Jin et al., 2024; Wang et al.,
2025d; Zhang et al., 2026, 2024; Liu et al., 2025d).
While augmenting training with synthetic view per-
turbations, contrastive multi-view objectives, or
geometric priors improves robustness (Zhan et al.,
2025; Huang et al., 2025b; Liao et al., 2025), com-
positional tasks requiring chained transformations
remain challenging, underscoring that viewpoint
invariance depends on appropriate inductive biases
and representations, not just more data (Jin et al.,
2024; Wang et al., 2025d; Ramakrishnan et al.,
2025). Perspective-dependent relations thus ex-
pose a fundamental limitation in current models’
3D spatial simulation abilities (Chen et al., 2026b;
Ma et al., 2025b), with tasks like iVISPAR’s Slid-
ing Geom Puzzle explicitly testing these cognitive
skills (Mayer et al., 2025).
■ Relational Composition. Relational compo-
sition, which involves nested relations, transitive
inference, and constraint satisfaction, tests whether
models can combine primitives into complex ex-
planations, but benchmarks requiring nested rea-
soning, such as A is left of B, B is in front of
C, where is A relative to C?, show many models
fail despite handling primitives well (Song et al.,
2024; Du et al., 2024; Sharma and Vats, 2025;
Zhang et al., 2026; Ramakrishnan et al., 2025).
Research indicates that structured representations
like scene graphs and object-centric slots, alongside
explicit multi-step inference methods such as chain-
of-thought and spatial COT, improve compositional
generalization but introduce trade-offs in speed and
complexity (Cao et al., 2025; Liu et al., 2025d;
Zhang et al., 2025h; Ma et al., 2025c). Relational
composition remains a challenging benchmark for
robust spatial inference, with tasks like StepGame
and SPaRC highlighting current limits of chain-of-
thought and tree-of-thought prompting (Song et al.,
2024; Ramakrishnan et al., 2025; Sharma and Vats,
2025; Li et al., 2024b; Kaesberg et al., 2025; Wu
et al., 2024).

3.3 Reasoning-Processes
Here we explore the underlying cognitive and com-
putational processes that enable spatial reasoning
in LLMs and VLMs:
■ Single-Hop Reasoning. Single-hop reasoning
involves direct one-step relational queries often
solvable by pattern matching or associative re-

trieval, which many models excel at through local
attention or nearest-neighbor search over embed-
dings rather than true reasoning chains (Song et al.,
2024; Du et al., 2024; Li et al., 2024a; Sharma and
Vats, 2025; Ramakrishnan et al., 2025). This suc-
cess risks overestimating spatial competence, espe-
cially when benchmarks are dominated by single-
hop items, motivating diagnostic splits and adver-
sarial examples to expose shortcut strategies (Song
et al., 2024; Zhang et al., 2026; Ramakrishnan et al.,
2025), and highlighting that single-hop ability is
necessary but insufficient for compositional or dy-
namic tasks (Du et al., 2024; Sharma and Vats,
2025; Cao et al., 2025). Prompting methods like
SpatialPrompting can elicit zero-shot spatial rea-
soning from multimodal models using keyframe-
driven prompts, but these gains are fragile and sen-
sitive to prompt design, indicating limited internal-
ization of spatial concepts (Taguchi et al., 2025; Ye
et al., 2025; Liu et al., 2023).
■ Multi-Hop and Sequential Reasoning. Multi-
hop and sequential spatial reasoning require main-
taining intermediate states across steps, with bench-
marks like StepGame (Li et al., 2024b), SPaRC
(Kaesberg et al., 2025), and iVISPAR (Mayer et al.,
2025) revealing sharp performance drops as hop
depth increases, indicating many models lack mech-
anisms to reliably update memory and representa-
tions (Sharma and Vats, 2025; Song et al., 2024;
Ramakrishnan et al., 2025; Xu et al., 2025b; Liu
et al., 2025d). Approaches using explicit inter-
mediate structures like scene graphs, slot-based
memory, and chain-of-thought prompting improve
robustness but face challenges with error accumu-
lation (Liu et al., 2025d; Ma et al., 2025c; Cao
et al., 2025), while optimization methods such as
SpatialReasoner-R1’s Direct Preference Optimiza-
tion with Monte Carlo Tree Search have further
advanced complex multi-step reasoning (Xu et al.,
2025a; Shen et al., 2025b). This capacity is essen-
tial for spatial planning and navigation, with on-
going research highlighting gaps through datasets
like LegoPuzzles and MARBLE (Liao et al., 2024;
Meng et al., 2025; Song et al., 2026; Tang et al.,
2026; Shi et al., 2022; Jiang et al., 2025) and RL
approaches pushing multi-tool coordination (Pan
and Liu, 2025; Li et al., 2025b; Chen et al., 2026a).
■ Compositional Reasoning. Compositional rea-
soning synthesizes multiple spatial relations and ob-
ject attributes, with approaches like Visualization-
of-Thought prompting (Wu et al., 2024) showing
some gains though generalization remains limited.
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Studies find structured symbolic pipelines often
outperform end-to-end embeddings in systematic-
ity and interpretability for complex compositions
(Cao et al., 2025; Liu et al., 2025d; Zhang et al.,
2025h; Ramakrishnan et al., 2025), while spatial
chain-of-thought prompting helps but is sensitive
to design and distribution shifts (Liu et al., 2025d;
Sharma and Vats, 2025; Ma et al., 2025c). Unified
frameworks like M2-Reasoning improve compo-
sitional inference through multi-task training (AI
et al., 2025), and curriculum methods use stress
mastering spatial primitives to boost generalization
on multi-relation tasks (Tang et al., 2025).

■ Dynamic and Predictive Reasoning. Dynamic
and predictive reasoning focuses on forecasting fu-
ture spatial and temporal states, with studies like
VLM4D (Zhou et al., 2025b) and FoundationMo-
tion (Gan et al., 2025) showing that static aggrega-
tion limits true predictive capacity. Models incor-
porating latent dynamics or explicit world-model
components outperform discriminative baselines in
video reasoning and agentic tasks (Fei et al., 2024;
Wei et al., 2025; Ma et al., 2025c; Xu et al., 2025b),
but building accurate, stable dynamics models re-
mains challenging due to drift and expressivity
trade-offs (Fei et al., 2024; Liu et al., 2025f). Eval-
uation benefits from probabilistic metrics and coun-
terfactual tests (Ma et al., 2025c; Ramakrishnan
et al., 2025), while video benchmarks and datasets
(Zhou et al., 2025c; Huang et al., 2025a; Gan et al.,
2025) advance spatiotemporal memory integration
and dynamic reasoning including rotations, transla-
tions, and cognitive map reconstruction.

■ Counterfactual and Hypothetical Reasoning.
Counterfactual and hypothetical reasoning involves
what-if spatial scenarios requiring explicit world-
model-based representations (Zhang et al., 2025c)
and remains a significant gap in current VLMs
and LLMs. These tasks test mental simulation
and causal inference about transformed objects but
are underrepresented in benchmarks, with early
studies showing models trained only on observa-
tional data struggle with consistent counterfactual
predictions (Du et al., 2024; Ramakrishnan et al.,
2025; Ma et al., 2025c). Promising methods com-
bine explicit simulators, differentiable physics, and
intervention-based augmentation (Liu et al., 2025f;
Fei et al., 2024; Cao et al., 2025), yet scaling these
approaches and establishing standardized bench-
marks remain critical challenges (Ma et al., 2025c;
Sharma and Vats, 2025).

3.4 Reasoning at Representation-Level

Here we review key approaches to spatial reasoning
at the representation level:
■ Implicit Latent Representations. Implicit la-
tent representations, such as dense embeddings and
attention maps, dominate end-to-end VLMs due to
their scalability but suffer from poor interpretabil-
ity and generalization in spatial tasks (Mayer et al.,
2025; Wang et al., 2026a). While these latent en-
codings capture useful statistical regularities, they
often lack stable metric semantics and fail under
changes in viewpoint, scale, or occlusion (Song
et al., 2024; Li et al., 2024a; Liu et al., 2025d;
Zhang et al., 2026; Huang et al., 2025b). Their
inability to explicitly represent objects or relations
hampers reliable compositional and counterfactual
reasoning, motivating hybrid methods that combine
latent efficiency with structured inductive biases
(Cao et al., 2025; Liu et al., 2025d; Ramakrishnan
et al., 2025). Consequently, implicit encodings re-
main a practical choice but require complementary
mechanisms for advanced spatial reasoning (Song
et al., 2024; Li et al., 2024a; Liu et al., 2025d).
■ Structured Symbolic Representations. Struc-
tured symbolic representations like scene graphs
and object-centric layouts, used in benchmarks
such as GQA (Hudson and Manning, 2019) and
NLVR2 (Sarkar et al., 2026), improve composi-
tionality and interpretability by explicitly exposing
objects and predicates, supporting robust general-
ization on nested and multi-hop tasks (Rodionov
et al., 2026; Cao et al., 2025; Liu et al., 2025d;
Zhang et al., 2025h). However, they depend on
accurate object detection and relation extraction,
with perception errors cascading through symbolic
layers and increased dataset costs (Cao et al., 2025;
Zhang et al., 2025h). Hybrid approaches com-
bining neural perception with symbolic reasoning
cores balance scalability and systematicity (Cao
et al., 2025; Liu et al., 2025d; Ramakrishnan et al.,
2025), with recent advances including 3D point
cloud fusion (Jahangard et al., 2025), Answer Set
Programming pipelines (Wang and Sun, 2026), and
SpatialReasoner frameworks integrating LLM spa-
tial reasoning and explicit visual properties for 3D
grounding (Liu et al., 2025e; Premsri and Kord-
jamshidi, 2025).
■ Geometric and Metric Representations. Geo-
metric and metric representations, such as: depth
maps, voxel grids, and point clouds, are vital for
robotics and navigation, with models like Spatial-
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Reasoner (Ma et al., 2025b) and SORT3D (Zantout
et al., 2025) leveraging explicit 3D data for bet-
ter spatial manipulation (Han et al., 2026). Tech-
niques such as multi-view aggregation and depth
supervision improve tasks like distance estima-
tion and occlusion handling despite annotation and
domain challenges (Zhang et al., 2025f; Huang
et al., 2025b; Cao et al., 2025). These representa-
tions enable viewpoint-invariant queries but need
precise calibration in embodied settings (Zhang
et al., 2024; Zhou et al., 2025a), making geomet-
ric methods preferred for precision tasks and hy-
brids suited for broader perception (Cao et al.,
2025; Huang et al., 2025b; Zhang et al., 2025i).
Geometry-focused supervision like Euclid30K fur-
ther enhances metric reasoning via fine-tuning on
surrogate tasks (Lian et al., 2025).
■ Hybrid Neuro-Symbolic Representations. Hy-
brid neuro-symbolic methods merge neural percep-
tion with symbolic reasoning, leveraging flexibil-
ity alongside modular, interpretable systems (Cao
et al., 2025; Liu et al., 2025d; Zhang et al., 2025h;
Ramakrishnan et al., 2025; Liu et al., 2025f). For
example, ReGUIDE (Lee et al., 2025) grounds GUI
elements via spatial criticism and search, showcas-
ing this promising direction. These hybrids ex-
cel at explicit object manipulation, logical consis-
tency, and structured reasoning in dynamic con-
texts (Liu et al., 2025d; Zhang et al., 2025g; Cao
et al., 2025). Recent work integrates neural em-
beddings with symbolic spatial planners and scene
graphs, enabling compositional reasoning and long-
horizon planning, overcoming latent model lim-
itations (Liao et al., 2024; Meng et al., 2025;
Zhang et al., 2025b). Notably, the Geometrically-
Constrained Agent (GCA) improves robustness by
decoupling semantic perception from geometric
constraint satisfaction during execution (Chen et al.,
2025b).
■ World-Model-Based Representations. World-
model-based representations, like internal environ-
ment simulators in WorldLM and DyVA (Zhang
et al., 2025c), are crucial for dynamic spatial un-
derstanding and planning but remain underdevel-
oped. Learned latent dynamics models enable plan-
ning, imagination, and counterfactual reasoning by
rolling forward explicit states under actions, sup-
porting embodied tasks despite challenges with
high-dimensional or partial observations (Fei et al.,
2024; Liu et al., 2025f; Wei et al., 2025; Ma
et al., 2025c), while requiring alignment of latent
states with interpretable geometric variables for

precise metric reasoning (Cao et al., 2025). Re-
cent progress includes video diffusion world mod-
els for test-time reasoning (Yang et al., 2025), in-
trinsic spatial reasoning in vision-language-action
robotics (Zhang et al., 2025a), and cognitive map
reconstruction that supports spatial memory and
planning (Huang et al., 2026b).

3.5 Temporal and Memory Dimensions
Here we review spatial reasoning across different
temporal and memory contexts:
■ Short-Term Spatial Context. Short-term spa-
tial context involves reasoning within a single scene
or brief temporal window, focusing on local ob-
ject relations and precise spatial layout, as bench-
marked by SPARE3D and VSR (Han et al., 2020;
Liu et al., 2023). Many vision-language models
perform well here by leveraging powerful visual
encoders and implicit attention (Chen et al., 2025a;
Xie et al., 2026; Fei et al., 2024; Liu et al., 2025f),
but this success often masks brittleness to view-
point changes, occlusion, or temporal perturbations
(Zhan et al., 2025; Zhao et al., 2025). Consequently,
short-term spatial reasoning does not reliably gener-
alize to tasks requiring memory or planning beyond
the immediate scene.
■ Long-Term Spatial Memory (Maps and Lay-
outs). Long-term spatial memory maintains per-
sistent maps or layouts across extended time hori-
zons, enabling navigation and multi-step planning
(Mayer et al., 2025; Paglieri et al., 2025). Ex-
plicit memory modules and learned spatial maps
improve long-horizon reasoning in embodied and
video tasks (Liu et al., 2026; Bai et al., 2026), yet
benchmarks reveal a large gap between models rely-
ing on short-term perception and those with spatial
memory retention (Wang et al., 2026b). RL stud-
ies show that shaping rewards around memory use
enhances planning and consistency, though main-
taining metric and topological integrity remains
challenging under noise (Li et al., 2025b).
■ Episodic vs. Semantic Spatial Memory. Spa-
tial reasoning often distinguishes episodic mem-
ory, which stores recent instance-specific traces,
from semantic memory capturing generalized spa-
tial knowledge (Qi et al., 2025a; Liu et al., 2025b).
Models integrating both types outperform those
relying on only one, especially in repeated explo-
ration and instruction-following under uncertainty
(Liu et al., 2025d; Wang et al., 2025c; Zhou et al.,
2025a). Episodic memory is critical for maintain-
ing temporal coherence and resolving occlusion or
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viewpoint ambiguity, but balancing episodic speci-
ficity and semantic abstraction remains a difficult
open problem (Ramakrishnan et al., 2025; Mayer
et al., 2025).
■ Memory Updating under Partial Observabil-
ity. Updating spatial memory with incomplete,
noisy, or intermittent inputs demands integrating
new evidence while avoiding catastrophic forget-
ting or drift (Wang et al., 2025c). Hybrid ap-
proaches combining learned updates with struc-
tural constraints show improved robustness in nav-
igation and video reasoning (Meng et al., 2025;
Zhang et al., 2025b), and temporally grounded
methods emphasize memory for motion prediction
and event sequencing (Huang et al., 2025a; Shen
et al., 2025a). Agentic strategies like replanning
and simulation-based adaptation further support dy-
namic memory revision in evolving environments
(Marsili et al., 2025; Wang et al., 2025e), while RL
benchmarks test spatial grounding through interac-
tion and feedback (Zhao et al., 2026b).

4 Failure Modes and Open Problems

Spatial reasoning in foundation models exhibits
four recurrent failure modes. For each, we identify
which methodological approaches partially miti-
gate it and where gaps remain (Pothiraj et al., 2025;
Wang and Ling, 2025).
Shortcut learning on 2D datasets. Models ex-
ploit superficial appearance correlations rather than
genuine relational structure, yielding poor general-
ization under viewpoint changes or counterfactual
perturbations (Johnson et al., 2017; Wang and Ling,
2025). Counterfactual and diagnostic evaluation
(e.g., synthetic diagnostics, relational swaps) ex-
poses this failure; structured symbolic representa-
tions and scene-graph losses partially mitigate it
but do not eliminate it (Suhr et al., 2017; Pothiraj
et al., 2025).
Metric reasoning deficiency. Models fail to main-
tain consistent internal scale even with depth or 3D
supervision, causing compounding errors in naviga-
tion and manipulation (Chen et al., 2024; Pothiraj
et al., 2025). Geometric and metric representations
(depth maps, point clouds, metric supervision) im-
prove distance estimation but are costly and do not
generalize robustly across domains (Danish et al.,
2025; Wang and Ling, 2025).
Perspective and rotation errors. Models confuse
egocentric, allocentric, and object-centric frames,
producing inconsistent answers across viewpoints

(Stogiannidis et al., 2025; Danish et al., 2025).
Multi-view contrastive training and geometry-
aware encodings yield partial improvement; chain-
of-thought prompting provides limited and fragile
gains (Jia et al., 2026a; Wang and Ling, 2025).
The knowing–doing gap. Agents verbalize correct
spatial relations but execute spatially incoherent
actions, reflecting a disconnect between declara-
tive knowledge and procedural control (Song et al.,
2025a). Vision–language–action models and RL
with spatially shaped rewards reduce but do not
close this gap (Zhang et al., 2025e; Pothiraj et al.,
2025).
Table 3 in Appendix H provides a structured map-
ping of each failure mode to the representation and
training strategies that address it and the conditions
under which those strategies still fail.

Three cross-cutting patterns emerge. First, scal-
ing shows diminishing returns: larger models
improve simple topological and directional tasks,
but gains plateau on metric, perspective-dependent,
and compositional reasoning (Wasi et al., 2026b;
Jia et al., 2026b). Second, chain-of-thought
prompting yields brittle improvements: struc-
tured decomposition helps multi-hop reasoning but
fails under distribution shifts and prompt changes,
revealing weak underlying representations (Liu
et al., 2025d; Jia et al., 2026a). Third, encoder
choice alone is insufficient: although Vision Trans-
formers improve global relational context over
CNNs, persistent metric and perspective errors sug-
gest deeper reasoning-stack limitations (Johnson
et al., 2017; Pothiraj et al., 2025).

5 Conclusion

Spatial reasoning in LLMs/VLMs remains frag-
mented, as models consistently struggle with met-
ric reasoning, perspective alignment, long-term
memory, and action grounding across static, 3D,
and embodied settings. Scaling alone is insufficient,
as many improvements depend on prompting strate-
gies or external tools instead of coherent spatial
representations. We argue for architectural shifts
toward structured world models with targeted su-
pervision for prediction, counterfactual reasoning,
and planning. Key priorities include benchmarks
with counterfactual perturbations and metric con-
sistency checks, training pipelines coupling metric
supervision with reasoning objectives, and evalua-
tion within full perception-action loops.
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Limitations

This survey focuses primarily on spatial reasoning
within large language and vision-language models,
which may not fully capture challenges in other AI
modalities or specialized domains. Our analysis
relies on existing benchmarks and literature, which
themselves exhibit biases and uneven coverage of
spatial phenomena. Additionally, rapid advance-
ments in model architectures and datasets mean
some insights may evolve quickly.
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A Related Work

A growing body of survey and position papers
has examined spatial reasoning in language, vi-
sion–language, and embodied models, but existing
treatments are often fragmented along modality
or task boundaries. Early analyses focused on di-
agnostic datasets for relational and compositional
reasoning in vision–language models, highlight-
ing shortcut learning and the gap between recog-
nition and relational understanding (Song et al.,
2024; Du et al., 2024). More recent surveys and
benchmark-driven studies emphasize empirical fail-
ures of large models on spatial tasks despite strong
headline performance, particularly for metric rea-
soning, perspective changes, and multi-hop rela-
tional inference (Ramakrishnan et al., 2025; Zhao
et al., 2026a; Huang et al., 2025b). While these
works provide valuable empirical insights, they typ-
ically organize the literature around benchmarks
or model classes rather than offering a unified con-
ceptual framework that connects tasks, relations,
reasoning processes, and internal representations.
As a result, comparisons across modalities and eval-
uations often conflate task difficulty with genuine
spatial competence.

Our work differs from prior surveys by propos-
ing a unified, multi-axis taxonomy of spatial reason-
ing explicitly designed to bridge NLP, computer
vision, and embodied AI. Instead of cataloging
benchmarks or architectures in isolation, we de-
compose spatial reasoning along complementary
dimensions, task formulation, relation type, reason-
ing process, representation, and temporal–memory
demands, allowing systematic comparison of mod-
els and evaluations that would otherwise appear
incomparable. This perspective builds on empirical
critiques of shortcut learning and weak grounding
(Ramakrishnan et al., 2025; Huang et al., 2025b),
but goes further by explaining why particular fail-
ure modes arise and which aspects of spatial reason-
ing they reflect. In contrast to benchmark-centric
reviews (Zhao et al., 2026a), we explicitly disentan-
gle symbolic consistency from geometric ground-
ing, static perception from dynamic and agentic
reasoning, and implicit latent encoding from struc-
tured or world-model-based representations. By
synthesizing results across text-only, visual, 3D,
and embodied settings within a single taxonomy,
our survey exposes blind spots in current evaluation
practice and clarifies what progress toward genuine
spatial intelligence should entail. We believe this

integrative framing is essential for guiding future
benchmark design, architectural choices, and train-
ing strategies beyond incremental gains on existing
datasets.

B Details on Benchmarks and Datasets

Spatial reasoning benchmarks have evolved from
early, controlled diagnostics to more complex tests
involving 3D structure, temporal continuity, and
agentic interaction, yet progress remains uneven
due to shortcut learning and limited relational scope
(Johnson et al., 2017; Hudson and Manning, 2019;
Yu et al., 2025; Pothiraj et al., 2025; Wang and
Ling, 2025). Here, we categorize major bench-
marks into three phases to assess which spatial
reasoning aspects they truly evaluate and where
they systematically fail.
⋆ Phase I: Static and Diagnostic Benchmarks.
Phase I benchmarks isolate spatial and relational
reasoning in controlled settings, often with syn-
thetic scenes or constrained language. Datasets
like CLEVR and NLVR2 focus on compositional
question answering about object attributes and re-
lations (Johnson et al., 2017; Hudson and Man-
ning, 2019; Yu et al., 2025; Deng et al., 2025),
while text-centric benchmarks such as SpartQA
and StepGame emphasize multi-hop relational con-
sistency and symbolic inference (Stogiannidis et al.,
2025; Tasnim et al., 2026). Despite early relational
reasoning gains, many models exploited dataset
biases rather than forming explicit spatial repre-
sentations, making Phase I performance a weak
predictor of real-world generalization (Suhr et al.,
2017; Wang and Ling, 2025; Pothiraj et al., 2025;
Ao et al., 2025).
⋆ Phase II: Cognitive and 3D-Centric Bench-
marks. Phase II benchmarks address static 2D limi-
tations by incorporating explicit 3D structure, view-
point changes, and cognitive spatial tasks. Datasets
like Open3DVQA and SURPRISE3D test volumet-
ric understanding, occlusion, and cross-view con-
sistency (Pothiraj et al., 2025; Danish et al., 2025),
while SPARE3D and OmniSpatial focus on mental
rotation and metric consistency inspired by human
spatial cognition (Stogiannidis et al., 2025; Munje
et al., 2025). Models often show sharp declines
on Phase II tasks compared to Phase I, particu-
larly on metric and perspective-dependent queries,
highlighting the necessity of 3D-centric evaluation
(Chen et al., 2024; Wang and Ling, 2025).
⋆ Phase III: Dynamic and Agentic Benchmarks.
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Table 1: Spatial reasoning types in LLMs and VLMs with example questions illustrating each subtype.

Type Sub-Type Example

Task-Level
Spatial

Reasoning

Text-Only Spatial Reasoning "A cup is on the table. There is a flower under the table. Where is
the flower relative to the cup?"

Image-Based Spatial Reason-
ing

"In this image, a red cube is to the left of a blue sphere, which is
behind a green pyramid. What object is closest to the viewer?"
(CLEVR)

Video and Spatiotemporal
Reasoning

"A car moves from the left side of the frame to the right, passing
behind a tree. Where is the car now relative to the tree?" (VLM4D)

3D and Multi-View Spatial
Reasoning

"Given two images of a chair from different angles, is the armrest
on the right side consistent across views?" (Open3DVQA)

Embodied and Agentic Spa-
tial Reasoning

"You are in a room facing north. The door is behind you. You turn
right and walk forward. Where is the door now relative to you?"

Relation-Level
Spatial

Reasoning

Topological Relations "Is the book inside the box or on top of it?" (GQA)
Directional Relations "If the tree is to the east of the house, and the bench is south of the

tree, where is the bench relative to the house?" (Winoviz)
Metric and Quantitative Rela-
tions

"Is the red ball larger than the blue ball?" (MapEval)

Perspective-Dependent Rela-
tions

"If you rotate a shape 90 degrees clockwise, which side will now
face north?" (iVISPAR’s Sliding Geom Puzzle)

Relational Composition "A is left of B, B is in front of C. Where is A relative to C?"
(SPaRC)

Reasoning
Processes

Single-Hop Reasoning "Is the cup on the table?"
Multi-Hop and Sequential
Reasoning

"The book is on the shelf. The shelf is above the table. Where is
the book relative to the table?"

Compositional Reasoning "The blue cube is left of the red sphere and behind the green
pyramid. What is the position of the blue cube relative to the green
pyramid?"

Dynamic and Predictive Rea-
soning

"If the ball rolls off the table, where will it land?" (FoundationMo-
tion)

Counterfactual and Hypothet-
ical Reasoning

"If the cup were placed under the table instead of on it, where
would it be relative to the flower?"

Multimodal 
Foundation 

Models
(LLMs & VLMs)

Task-Level

Relation-Level

Reasoning-Processes

Representation-Level

Temporal & Memory

Text-Based Spatial 
Reasoning

Image-Based Spatial 
Reasoning

Video, Spatiotemporal 
Reasoning

3D and Multi-View 
Spatial Reasoning

Embodied and Agentic 
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Figure 2: Spatial reasoning across multiple levels, from tasks to underlying processes and dynamics.
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Table 2: Glossary of spatial reasoning terms and technical jargon for general understanding.

Term Explanation

Text-Only Spatial Reasoning Reasoning about spatial relationships using only written or spoken language without visual input.
Image-Based Spatial Reason-
ing

Reasoning about spatial relationships based on static images.

Video and Spatiotemporal Rea-
soning

Understanding spatial relationships that change over time in videos or sequences.

3D and Multi-View Spatial
Reasoning

Spatial reasoning involving depth, volume, and different viewpoints, often using multiple images or
3D data.

Embodied and Agentic Spatial
Reasoning

Spatial reasoning performed by an agent that perceives and acts in a physical or simulated environ-
ment.

Topological Relations Qualitative relations like containment, adjacency, and connectivity that don’t depend on exact
measurements.

Directional Relations Spatial relations defined by direction (e.g., left, right, north), often viewpoint-dependent.
Metric and Quantitative Rela-
tions

Precise measurements such as distances, angles, and sizes between objects.

Perspective-Dependent Rela-
tions

Relations that change when viewed from different angles, requiring mental transformations like
rotation.

Relational Composition Combining multiple spatial relations to understand complex configurations or infer new relations.
Single-Hop Reasoning Simple spatial reasoning requiring one direct inference step.
Multi-Hop and Sequential Rea-
soning

Complex reasoning involving multiple inference steps chained together.

Compositional Reasoning Reasoning that integrates various spatial concepts and object attributes simultaneously.
Dynamic and Predictive Rea-
soning

Forecasting how spatial relations evolve over time or predicting future states.

Counterfactual and Hypotheti-
cal Reasoning

Considering “what-if” scenarios involving changes in spatial arrangements and reasoning about
their consequences.

Viewpoint Invariance The ability to recognize spatial relations regardless of the observer’s angle or perspective.
Occlusion When one object blocks part or all of another object from view, complicating spatial reasoning.
Scene Graph A structured representation that models objects as nodes and spatial or semantic relationships as

edges.
Chain-of-Thought (CoT)
Prompting

A method to encourage models to perform multi-step reasoning by explicitly generating intermediate
steps.

Slot-Based Memory A technique to store and manipulate discrete objects or entities separately in a model’s internal
state.

Spatial Shortcuts Simplified or biased cues models might rely on instead of genuine spatial understanding, often
exploiting dataset biases.

Egocentric vs. Allocentric
Frames

Egocentric: spatial relations relative to the observer (e.g., left/right of me). Allocentric: relations
relative to external references (e.g., north/south).

Metric Loss A training loss function that encourages accurate prediction of spatial measurements like distance
or depth.

Viewpoint Alignment Adjusting or normalizing data so that different views or perspectives can be compared consistently.
Symbolic Planner A system that uses explicit symbolic representations and rules to plan actions or reason spatially.
World Model An internal representation that simulates the environment’s dynamics and spatial properties for

prediction or planning.
Replanning The ability to revise a plan when new spatial information or errors occur.
Episodic Memory Memory system that stores specific past experiences or states for recall during reasoning or planning.
Reinforcement Learning (RL) A method where agents learn to act by receiving rewards or penalties, useful for embodied spatial

tasks.
Multi-View Fusion Combining spatial information from multiple viewpoints into a coherent understanding.
Mental Rotation The cognitive ability to imagine rotating objects mentally to understand their spatial configuration.
Contrastive Learning A training technique that teaches models to distinguish between similar and dissimilar spatial

arrangements.
Spatial Prompting Using spatially informative prompts to guide models towards better spatial reasoning.
Compositional Generalization The ability to apply learned spatial concepts in new combinations not seen during training.
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II

III

Static and Diagnostic Benchmarks

Dynamic and Agentic Benchmarks

Cognitive and 3D-Centric Benchmarks

Figure 3: Three phases for benchmarks and datasets on
spatial reasoning.

Phase III benchmarks situate models in dynamic,
interactive environments requiring integration of
spatial reasoning with perception, memory, and
action. Agentic tasks in iVISPAR and BALROG
assess navigation, manipulation, and long-term spa-
tial state updates (Song et al., 2025a; Zhang et al.,
2025e), while video benchmarks like VLM4D test
reasoning about motion and temporal causality
(Danish et al., 2025; Zhang et al., 2025e). These
benchmarks reveal error compounding where small
failures escalate, and success on earlier phases
rarely translates here, emphasizing the critical need
for dynamic evaluations (Pothiraj et al., 2025; Song
et al., 2025a; Munje et al., 2025).

Mapping these phases onto the framework in §3
shows Phase I emphasizes topological and shal-
low compositional reasoning but neglects metric
and temporal aspects (Hudson and Manning, 2019;
Wang and Ling, 2025). Phase II expands to per-
spective and metric relations but often misses long-
horizon memory demands (Pothiraj et al., 2025;
Danish et al., 2025). Phase III addresses these
gaps but adds complexity in control and language
grounding (Song et al., 2025a; Zhang et al., 2025e).
Across all, counterfactual spatial reasoning remains
underexplored despite its importance for planning
and imagination (Stogiannidis et al., 2025; Tasnim
et al., 2026), underscoring the need for coordinated,
framework-aware benchmark suites.

C Evaluation Protocols and Metrics

Evaluation protocols play a decisive role in shaping
conclusions about spatial reasoning capabilities in
foundation models. While benchmark accuracy re-
mains the dominant metric, growing evidence sug-
gests that it often masks fundamental weaknesses in
representation, generalization, and reasoning pro-
cess (Hudson and Manning, 2019; Pothiraj et al.,
2025). Recent work has therefore advocated for di-
agnostic, counterfactual, and interactive evaluation
paradigms that more closely align with the cog-

nitive demands of spatial reasoning (Stogiannidis
et al., 2025; Tasnim et al., 2026; Song et al., 2025a).
In this section, we critically examine existing eval-
uation practices and discuss their implications for
interpreting reported performance.
⋆ Accuracy-Based Metrics and Their Limits.
Accuracy-based metrics, such as overall question-
answering correctness, are widely used due to their
simplicity and comparability across models. How-
ever, these metrics conflate surface-level pattern
matching with genuine spatial understanding, par-
ticularly in datasets where shortcuts and biases are
prevalent (Johnson et al., 2017; Wang and Ling,
2025). High accuracy can often be achieved with-
out maintaining spatial consistency across multiple
queries or viewpoints, obscuring underlying fail-
ure modes (Pothiraj et al., 2025; Suhr et al., 2017).
Moreover, accuracy does not distinguish between
errors arising from perceptual noise and those
caused by flawed spatial reasoning (Hudson and
Manning, 2019; Danish et al., 2025). As a result,
sole reliance on accuracy metrics risks overstat-
ing progress in spatial reasoning, especially when
models are evaluated in isolation rather than under
systematic perturbation (Pothiraj et al., 2025).
⋆ Diagnostic and Counterfactual Evaluation.
Diagnostic evaluations aim to isolate specific rea-
soning skills by controlling for confounding factors
such as language priors or visual saliency (Izadi
et al., 2025). Counterfactual evaluation, in particu-
lar, tests whether a model’s predictions change ap-
propriately under minimal but semantically mean-
ingful spatial modifications (Stogiannidis et al.,
2025; Tasnim et al., 2026). Studies applying coun-
terfactual scene edits or relational swaps have re-
vealed that many models fail to update their an-
swers consistently, indicating brittle internal rep-
resentations (Pothiraj et al., 2025; Wang and Ling,
2025). Such protocols are especially effective at
exposing shortcut learning in image-based bench-
marks (Johnson et al., 2017; Suhr et al., 2017).
Despite their diagnostic value, counterfactual eval-
uations remain underutilized due to their higher
annotation and implementation cost (Danish et al.,
2025; Hudson and Manning, 2019). Expanding
their use is essential for disentangling true spatial
reasoning from dataset exploitation.
⋆ Agentic and Interactive Metrics. Agentic eval-
uation metrics assess spatial reasoning in the con-
text of sequential decision-making, where errors
compound over time. Metrics such as navigation
success rate, path efficiency, and task completion
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under partial observability provide a more strin-
gent test of spatial competence than static accuracy
alone (Song et al., 2025a; Zhang et al., 2025e).
Interactive benchmarks further enable evaluation
of memory consistency, replanning ability, and ro-
bustness to environmental changes (Pothiraj et al.,
2025; Song et al., 2025a). Empirical results consis-
tently show that models with strong static bench-
mark performance often degrade rapidly in inter-
active settings (Munje et al., 2025; Zhang et al.,
2025e). These findings suggest that agentic metrics
capture dimensions of spatial reasoning that are in-
visible to traditional evaluation protocols (Pothiraj
et al., 2025; Song et al., 2025a).
⋆ Human Baselines and Cognitive Validity. Hu-
man baselines provide a critical reference point for
interpreting spatial reasoning performance, particu-
larly on cognitively demanding tasks such as men-
tal rotation and perspective-taking. Comparisons
with human performance reveal not only quantita-
tive gaps but also qualitative differences in error
patterns and generalization behavior (Stogiannidis
et al., 2025; Tasnim et al., 2026). In many bench-

marks, models fail on instances that humans find
trivial, while succeeding on others that rely on sta-
tistical regularities rather than reasoning (Pothiraj
et al., 2025; Munje et al., 2025). Incorporating cog-
nitively grounded task design and human-inspired
evaluation criteria can therefore improve the eco-
logical validity of spatial reasoning benchmarks
(Stogiannidis et al., 2025; Danish et al., 2025; Lu
et al., 2025). Without such baselines, it remains dif-
ficult to assess whether observed improvements re-
flect genuine progress toward spatial intelligence or
merely improved exploitation of benchmark struc-
ture (Hudson and Manning, 2019; Wang and Ling,
2025).

D Architectural Approaches to Spatial
Reasoning

Architectural design plays a central role in deter-
mining whether spatial reasoning emerges as a ro-
bust capability or remains an artifact of dataset bias.
While recent foundation models exhibit impressive
multimodal performance, their spatial competence
is tightly coupled to representational choices made
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at the perception, encoding, and reasoning stages
(Pothiraj et al., 2025; Chen et al., 2024). In this
section, we analyze major architectural strategies
for spatial reasoning, emphasizing how inductive
biases, encoding schemes, and internal simulation
mechanisms influence generalization and failure
modes. Rather than surveying models exhaustively,
we focus on architectural patterns that recur across
systems and benchmark evaluations.
⋆ Vision Encoders and Spatial Biases. Most
vision-language models rely on generic 2D vision
encoders, such as convolutional neural networks
or Vision Transformers, originally designed for ob-
ject recognition rather than spatial inference. These
encoders emphasize local texture and global seman-
tic aggregation, but provide limited inductive bias
for metric structure, depth, or viewpoint invariance
(Johnson et al., 2017; Pothiraj et al., 2025). As a
result, spatial relations are often inferred implicitly
from appearance correlations rather than explicit
geometric reasoning (Wang and Ling, 2025; Suhr
et al., 2017). Empirical studies show that replac-
ing CNNs with ViTs improves relational flexibility
but does not resolve failures in distance estima-
tion or 3D alignment (Hudson and Manning, 2019;
Danish et al., 2025). Furthermore, pretraining on
large-scale 2D image–text corpora reinforces pla-
nar biases that degrade performance on volumetric
or embodied benchmarks (Munje et al., 2025; Song
et al., 2025a). These limitations suggest that vision
encoders optimized for recognition alone are insuf-
ficient foundations for robust spatial reasoning.
⋆ Positional and Geometric Encoding. Posi-
tional encoding schemes aim to inject spatial struc-
ture into otherwise permutation-invariant architec-
tures, particularly Transformers. Standard abso-
lute or relative positional encodings capture token
order but provide only weak geometric ground-
ing when applied to visual patches (Chen et al.,
2024; Pothiraj et al., 2025). Extensions such as ro-
tational or circular positional encodings attempt to
improve orientation awareness, yet remain limited
to 2D transformations and struggle with depth or
scale variation (Danish et al., 2025; Munje et al.,
2025). Depth-aware and geometry-informed encod-
ings have been shown to improve performance on
3D-centric benchmarks, but are rarely integrated
into end-to-end multimodal models (Chen et al.,
2024; Wang and Ling, 2025). Moreover, positional
encodings alone do not enforce global spatial con-
sistency, leading to contradictions across queries or
viewpoints (Pothiraj et al., 2025; Hudson and Man-

ning, 2019). This suggests that positional informa-
tion must be coupled with higher-level structural
constraints to support reliable spatial reasoning.

⋆ Scene Graphs and Structured Perception.
Structured perception approaches explicitly repre-
sent objects and their relations using intermediate
symbolic or graph-based representations (Teodor-
escu et al., 2022). Scene graphs, in particular, pro-
vide a compositional abstraction that aligns natu-
rally with relational spatial queries (Hudson and
Manning, 2019; Tasnim et al., 2026). Empirical
evidence indicates that models leveraging explicit
object–relation structure exhibit improved consis-
tency on compositional and multi-hop spatial rea-
soning tasks (Suhr et al., 2017; Wang and Ling,
2025). However, scene graph construction often
relies on external detectors and heuristics, intro-
ducing brittleness and limiting scalability (Pothiraj
et al., 2025). Additionally, fixed relational schemas
may fail to capture continuous or metric spatial
properties critical for navigation and manipulation
(Chen et al., 2024; Song et al., 2025a). Conse-
quently, while structured perception enhances in-
terpretability and compositionality, it remains an
incomplete solution for end-to-end spatial reason-
ing.

⋆ World Models and 3D Internal Simulation.
World-model-based architectures aim to endow
agents with internal representations that support
prediction, planning, and counterfactual reasoning
over spatial dynamics. Video prediction models
and latent dynamical systems learn implicit simu-
lators of environment evolution, enabling limited
foresight over future spatial states (Zhang et al.,
2025e; Danish et al., 2025). Recent work inte-
grates such models with language and vision, al-
lowing agents to reason about trajectories and inter-
actions beyond immediate observations (Song et al.,
2025a; Munje et al., 2025). Despite their promise,
these models remain computationally expensive
and often struggle with long-horizon consistency
and error accumulation (Pothiraj et al., 2025; Zhang
et al., 2025e). Moreover, learned world models fre-
quently encode appearance dynamics more faith-
fully than geometric structure, limiting their util-
ity for precise spatial planning (Chen et al., 2024;
Wang and Ling, 2025). Bridging the gap between
predictive simulation and explicit geometric rea-
soning remains a key open challenge for spatially
grounded AI systems.

1474



E Training Paradigms for Spatial
Reasoning

Training strategy is a decisive factor in whether spa-
tial reasoning emerges as a robust capability or re-
mains a fragile byproduct of scale. While architec-
tural inductive biases shape representational capac-
ity, training data, supervision signals, and learning
curricula determine which spatial abstractions are
actually acquired (Chen et al., 2024; Pothiraj et al.,
2025). Empirical evidence increasingly suggests
that naive scaling of data and parameters is insuf-
ficient for learning metric, perspective-dependent,
or long-horizon spatial reasoning (Wang and Ling,
2025; Danish et al., 2025). This section reviews
major training paradigms proposed to address these
limitations and analyzes their effectiveness across
benchmark categories.
⋆ Synthetic Data and Programmatic Genera-
tion. Synthetic datasets and programmatically gen-
erated environments have played a central role in
early progress on spatial reasoning, offering precise
control over relational structure and supervision
(Johnson et al., 2017; Hudson and Manning, 2019;
Ogezi and Shi, 2025). By eliminating natural image
biases, such data enable targeted evaluation of com-
positional and multi-hop spatial reasoning (Tasnim
et al., 2026; Stogiannidis et al., 2025). However,
models trained extensively on synthetic data often
exhibit poor transfer to real-world scenes, suggest-
ing overfitting to simplified visual and relational
distributions (Pothiraj et al., 2025; Wang and Ling,
2025). Moreover, synthetic environments typically
underspecify sensor noise, occlusion, and metric
ambiguity, limiting their ability to induce robust ge-
ometric understanding (Danish et al., 2025; Chen
et al., 2024). While synthetic data remains valu-
able for diagnostic training and evaluation, it is
insufficient as a standalone strategy for real-world
spatial reasoning (Pothiraj et al., 2025; Hudson and
Manning, 2019).
⋆ 3D Lifting and Metric Supervision. 3D lift-
ing approaches aim to bridge the gap between 2D
perception and volumetric reasoning by supervis-
ing models with depth, point clouds, or explicit
3D structure. Incorporating metric supervision has
been shown to improve performance on distance
estimation, viewpoint invariance, and occlusion-
aware reasoning tasks (Chen et al., 2024; Danish
et al., 2025). However, such supervision is expen-
sive to obtain at scale and often limited to narrow
domains such as indoor scenes or simulated envi-

ronments (Pothiraj et al., 2025; Munje et al., 2025).
Additionally, many models fail to propagate met-
ric consistency into downstream reasoning mod-
ules, treating 3D cues as auxiliary features rather
than core representational constraints (Wang and
Ling, 2025; Hudson and Manning, 2019). These
limitations suggest that metric supervision must
be tightly integrated with reasoning objectives to
yield durable spatial competence (Chen et al., 2024;
Pothiraj et al., 2025).
⋆ Instruction Tuning and Curriculum Learn-
ing. Instruction tuning has emerged as a powerful
mechanism for eliciting latent reasoning abilities
in large models, including spatial inference (Jia
et al., 2026a; Hudson and Manning, 2019). Care-
fully designed curricula that progress from sim-
ple topological relations to complex compositional
and perspective-dependent tasks can significantly
improve spatial consistency (Stogiannidis et al.,
2025; Tasnim et al., 2026). Nevertheless, improve-
ments from instruction tuning are often brittle, with
performance degrading sharply outside the tuned
distribution (Pothiraj et al., 2025; Wang and Ling,
2025). Curriculum effects also depend strongly on
task ordering and representation alignment, mak-
ing them difficult to generalize across benchmarks
(Danish et al., 2025; Hudson and Manning, 2019).
As a result, instruction tuning appears more effec-
tive at surfacing existing capabilities than at instill-
ing fundamentally new spatial abstractions (Chen
et al., 2024; Pothiraj et al., 2025).
⋆ Reinforcement Learning and Tool Use. RL
introduces action-conditioned feedback that can, in
principle, ground spatial reasoning in interaction
and consequence (Wu et al., 2025b). In embodied
settings, RL has been shown to improve navigation,
spatial memory, and affordance learning relative
to purely supervised training (Song et al., 2025a;
Zhang et al., 2025e; Ji et al., 2025; Xia et al., 2025).
However, RL-trained agents often struggle with
sample efficiency and generalization, particularly
when environments differ from training conditions
(Pothiraj et al., 2025; Danish et al., 2025). Tool-
augmented approaches, such as external planners
or spatial simulators, can partially mitigate these
issues by offloading precise computation and state
tracking (Chen et al., 2024; Song et al., 2025a).
Yet reliance on tools raises questions about where
spatial reasoning resides, within the model or in the
surrounding system (Wang and Ling, 2025; Hudson
and Manning, 2019). Balancing internal spatial
competence with external tool use remains an open
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challenge for scalable agentic learning.

F Reasoning-Time Augmentation

Beyond architecture and training, a growing line of
work explores reasoning-time interventions that
modify how models perform inference without
changing their underlying parameters. These ap-
proaches aim to elicit more structured spatial rea-
soning by encouraging explicit decomposition, in-
termediate representations, or external computation
(Jia et al., 2026a; Hudson and Manning, 2019). Em-
pirical evidence suggests that such interventions
can significantly improve performance on diagnos-
tic spatial tasks, although gains are often uneven
and task-dependent (Pothiraj et al., 2025; Wang
and Ling, 2025). This section reviews three major
categories of reasoning-time augmentation and an-
alyzes their strengths and limitations in the context
of spatial reasoning.
⋆ Chain-of-Thought and Spatial Decomposi-
tion. Chain-of-thought prompting encourages mod-
els to externalize intermediate reasoning steps,
which has been shown to improve multi-hop and
compositional spatial reasoning in both text-only
and multimodal settings (Jia et al., 2026a; Stogian-
nidis et al., 2025; Wu et al., 2025c; Ji et al., 2025).
By decomposing complex spatial queries into sim-
pler relational subproblems, models are better able
to maintain consistency across intermediate states
(Tasnim et al., 2026; Hudson and Manning, 2019).
However, improvements from chain-of-thought are
often superficial, as models may generate plausible
but incorrect reasoning traces that are not grounded
in internal representations (Pothiraj et al., 2025;
Wang and Ling, 2025). Moreover, the effective-
ness of spatial decomposition is highly sensitive to
prompt design and task structure, limiting repro-
ducibility across benchmarks (Danish et al., 2025;
Hudson and Manning, 2019). These findings sug-
gest that while chain-of-thought can reveal latent
reasoning capacity, it does not reliably induce new
spatial abstractions (Chen et al., 2024; Pothiraj
et al., 2025).
⋆ Visualization-of-Thought and Layout Rea-
soning. Visualization-based reasoning-time inter-
ventions extend chain-of-thought by encouraging
models to construct intermediate spatial layouts, di-
agrams, or symbolic representations. Approaches
that prompt models to describe or manipulate ab-
stract layouts have demonstrated improved perfor-
mance on diagrammatic and relational spatial tasks

(Hudson and Manning, 2019; Tasnim et al., 2026).
Such visualizations can act as external memory,
reducing the burden on implicit latent represen-
tations and improving compositional consistency
(Suhr et al., 2017; Wang and Ling, 2025). Nonethe-
less, these methods often rely on textual proxies
for geometry, limiting their effectiveness for met-
ric or perspective-dependent reasoning (Chen et al.,
2024; Pothiraj et al., 2025). Additionally, generated
layouts are rarely validated for geometric correct-
ness, allowing subtle inconsistencies to propagate
through the reasoning process (Danish et al., 2025;
Munje et al., 2025). As a result, visualization-of-
thought remains a promising but fragile augmenta-
tion strategy.
⋆ Tool-Augmented Spatial Reasoning. Tool-
augmented reasoning integrates external modules
such as spatial solvers, simulators, or symbolic
planners into the inference loop. By delegating
precise geometric computation to specialized tools,
models can overcome limitations in metric esti-
mation and long-horizon consistency (Chen et al.,
2024; Song et al., 2025a). Empirical studies show
substantial gains on navigation, manipulation, and
multi-step spatial planning tasks when tool use is
permitted (Zhang et al., 2025e; Song et al., 2025a).
However, reliance on tools complicates evalua-
tion, as performance reflects system-level compe-
tence rather than intrinsic spatial reasoning ability
(Pothiraj et al., 2025; Wang and Ling, 2025). Fur-
thermore, models often struggle to decide when and
how to invoke tools appropriately, leading to brit-
tle behavior under distribution shift (Danish et al.,
2025; Hudson and Manning, 2019). These trade-
offs raise fundamental questions about whether
tool-augmented success represents progress toward
spatial intelligence or a pragmatic workaround for
architectural limitations (Chen et al., 2024; Pothiraj
et al., 2025).

G Spatial Reasoning for Embodied and
Agentic AI

Embodied and agentic settings represent the most
stringent test of spatial reasoning, as they require
models to integrate perception, memory, reasoning,
and action over extended time horizons. Unlike
static benchmarks, embodied tasks expose com-
pounding errors and demand continual state updat-
ing under partial observability (Song et al., 2025a;
Zhang et al., 2025e). Empirical evidence increas-
ingly shows that success on image-based or 3D-
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centric benchmarks does not reliably translate to
effective embodied behavior (Pothiraj et al., 2025;
Munje et al., 2025). This section examines how
spatial reasoning manifests in navigation, manipu-
lation, and interactive world modeling, highlighting
both progress and persistent limitations.
⋆ Navigation and Manipulation. Navigation
and manipulation tasks require agents to reason
about spatial layouts, object affordances, and ac-
tion consequences in a closed perception–action
loop. Benchmarks in this domain reveal that many
agents struggle to maintain consistent spatial maps,
leading to disorientation and inefficient paths (Song
et al., 2025a; Zhang et al., 2025e). Manipulation
further compounds these challenges by introduc-
ing fine-grained metric constraints and contact dy-
namics that are poorly captured by implicit visual
representations (Chen et al., 2024; Pothiraj et al.,
2025). Even when language instructions are under-
stood correctly, agents often fail to ground them in
executable spatial plans (Munje et al., 2025; Hud-
son and Manning, 2019). These failures suggest
that embodied spatial reasoning requires stronger
integration between geometric representation and
policy learning (Danish et al., 2025; Song et al.,
2025a).
⋆ Vision–Language–Action Models. Vision–
language–action (VLA) models aim to unify per-
ception, reasoning, and control within a single
framework, leveraging language as an interme-
diate planning and abstraction tool (Song et al.,
2025a; Zhang et al., 2025e). While such models
demonstrate improved flexibility and instruction-
following, their spatial reasoning remains fragile,
particularly under novel configurations or environ-
mental perturbations (Pothiraj et al., 2025; Munje
et al., 2025). Language supervision often empha-
sizes semantic correctness over geometric feasibil-
ity, leading to plans that are linguistically coherent
but spatially invalid (Hudson and Manning, 2019;
Wang and Ling, 2025). Furthermore, VLA models
frequently rely on external planners or heuristics,
obscuring the locus of spatial competence (Chen
et al., 2024; Song et al., 2025a). As a result, current
VLA systems exhibit impressive surface behavior
but limited internal spatial understanding (Pothiraj
et al., 2025; Danish et al., 2025).
⋆ Planning, Memory, and World Interaction.
Effective embodied spatial reasoning depends criti-
cally on memory and planning mechanisms capa-
ble of supporting long-horizon interaction. Many
agents rely on short-term visual context or reac-

tive policies, which degrade rapidly as environ-
ments grow larger or more complex (Zhang et al.,
2025e; Song et al., 2025a). Persistent spatial mem-
ory, such as map-like representations, remains diffi-
cult to learn and maintain under noisy observations
(Pothiraj et al., 2025; Danish et al., 2025). Planning
failures often arise from inconsistent internal world
models, causing agents to revisit explored areas
or misjudge distances (Chen et al., 2024; Munje
et al., 2025). These issues highlight the need for
architectures that explicitly represent and update
spatial state over time (Song et al., 2025a; Pothiraj
et al., 2025).

H More Details on Failure Modes and
Open Problems

Despite advances in scale and benchmarks, spa-
tial reasoning in foundation models remains frag-
ile and inconsistent, with recurring failures across
tasks and architectures indicating fundamental limi-
tations (Pothiraj et al., 2025; Wang and Ling, 2025).
Here, we summarize key failure modes and open
problems critical for robust spatial intelligence, and
provide a structured mapping to mitigation strate-
gies.

Table 3: Failure modes mapped to mitigation strategies
and residual gaps.

Failure Mode Approaches That Partially
Mitigate

Where Gaps Remain

Shortcut learning Synthetic diagnostics, coun-
terfactual augmentation,
scene-graph supervision
(Suhr et al., 2017; Wang and
Ling, 2025)

Real-world viewpoint shifts,
rare configurations

Metric deficiency Depth/point-cloud supervi-
sion, metric losses, 3D lifting
(Chen et al., 2024; Danish
et al., 2025)

Domain shifts, scalability, em-
bodied settings

Perspective errors Multi-view contrastive train-
ing, geometry-aware encod-
ing (Danish et al., 2025;
Munje et al., 2025)

Novel viewpoints, chained ro-
tations

Knowing–doing
gap

VLA models, RL with spatial
rewards, tool augmentation
(Zhang et al., 2025e; Song
et al., 2025a)

Long-horizon consistency,
sensor noise, replanning

♦ 2D Shortcut Learning and Dataset Bias. A
dominant failure mode arises from shortcut learn-
ing induced by biases in 2D image datasets. Models
frequently exploit correlations between spatial rela-
tions and superficial visual cues, bypassing genuine
relational reasoning (Johnson et al., 2017; Wang
and Ling, 2025). Such shortcuts yield high bench-
mark accuracy while masking severe generaliza-
tion failures under viewpoint change or counterfac-
tual perturbation (Pothiraj et al., 2025; Suhr et al.,
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2017). Synthetic diagnostics repeatedly demon-
strate that models fail when these correlations are
broken (Hudson and Manning, 2019; Tasnim et al.,
2026). Addressing this issue requires both dataset
redesign and evaluation protocols that explicitly
penalize shortcut exploitation (Danish et al., 2025;
Hudson and Manning, 2019).
♦ Metric and Scale Failure. Metric reasoning
remains one of the weakest aspects of current
spatial models, affecting distance estimation, size
comparison, and volumetric understanding. Even
models augmented with depth cues or 3D supervi-
sion often fail to maintain consistent internal scale
across scenes (Chen et al., 2024; Danish et al.,
2025). Errors in metric reasoning propagate to
downstream tasks such as navigation and manipula-
tion, where small inaccuracies compound into task
failure (Song et al., 2025a; Pothiraj et al., 2025).
Benchmark results indicate that metric failures per-
sist even when qualitative relations are correctly
identified (Munje et al., 2025; Hudson and Man-
ning, 2019). Developing representations that en-
force metric consistency remains a central open
challenge (Chen et al., 2024; Pothiraj et al., 2025).
♦ Perspective and Rotation Errors. Perspective-
dependent reasoning exposes systematic weak-
nesses in mental rotation and frame-of-reference
alignment. Models frequently confuse egocentric,
allocentric, and object-centric frames, leading to
inconsistent answers across viewpoints (Stogian-
nidis et al., 2025; Pothiraj et al., 2025). These
errors are particularly pronounced in multi-view
and 3D benchmarks, where internal representations
fail to align observations geometrically (Danish
et al., 2025; Munje et al., 2025). Prompting and
reasoning-time interventions offer limited mitiga-
tion, suggesting that the underlying representations
remain deficient (Jia et al., 2026a; Wang and Ling,
2025). Robust perspective reasoning likely requires
explicit mechanisms for transformation and invari-
ance (Chen et al., 2024; Pothiraj et al., 2025).
♦ The Knowing–Doing Gap in Agents. A critical
open problem is the knowing–doing gap, where
agents can verbally describe correct spatial rela-
tions but fail to act on them effectively. This dis-
connect highlights a separation between declara-
tive spatial knowledge and procedural execution
(Song et al., 2025a; Zhang et al., 2025e). Empir-
ical studies show that agents often generate valid
plans in language while executing spatially inco-
herent actions (Pothiraj et al., 2025; Munje et al.,
2025). Tool augmentation and external planners

can reduce this gap but shift competence outside
the model (Chen et al., 2024; Song et al., 2025a).
Closing the knowing–doing gap remains essential
for deploying spatially competent agents in real-
world environments (Pothiraj et al., 2025; Danish
et al., 2025).

I Toward Genuine Spatial Intelligence

Achieving genuine spatial intelligence requires
moving beyond incremental benchmark gains to-
ward principled advances in data, architectures,
evaluation, and application domains. The evi-
dence surveyed in previous sections suggests that
current models exhibit fragmented spatial compe-
tence, excelling in isolated settings while failing
to generalize across tasks, modalities, and environ-
ments (Pothiraj et al., 2025; Wang and Ling, 2025).
Progress therefore depends on rethinking founda-
tional assumptions about how spatial knowledge is
acquired, represented, and evaluated in large-scale
models (Chen et al., 2024; Hudson and Manning,
2019). In this section, we outline key research di-
rections that emerge from the limitations identified
throughout the survey.
♦ Data Requirements and Scaling Laws. Scaling
laws have driven remarkable progress in language
and vision, yet their applicability to spatial reason-
ing remains unclear. Empirical results indicate that
simply increasing data and model size yields dimin-
ishing returns for metric, perspective-dependent,
and long-horizon spatial tasks (Pothiraj et al., 2025;
Danish et al., 2025). Many large-scale datasets un-
derrepresent rare but critical spatial configurations,
reinforcing shortcut learning rather than robust geo-
metric abstraction (Wang and Ling, 2025; Johnson
et al., 2017). Moreover, spatial reasoning appears
to benefit disproportionately from structured diver-
sity and targeted supervision rather than sheer vol-
ume (Stogiannidis et al., 2025; Hudson and Man-
ning, 2019). These observations suggest that fu-
ture scaling efforts must prioritize data diversity,
relational coverage, and environment interaction
over passive data accumulation (Chen et al., 2024;
Pothiraj et al., 2025).
♦ Architectural Shifts Toward World Models. A
recurring theme across failure analyses is the ab-
sence of persistent, coherent internal world models
in current foundation architectures. While implicit
latent representations suffice for recognition and
shallow reasoning, they struggle to support predic-
tion, counterfactual reasoning, and long-horizon
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planning (Pothiraj et al., 2025; Danish et al., 2025).
Architectures that incorporate explicit state, dynam-
ics, and transformation mechanisms show promise,
particularly in embodied and agentic settings (Song
et al., 2025a; Zhang et al., 2025e). However, exist-
ing world-model approaches often prioritize visual
realism over geometric and physical consistency
(Chen et al., 2024; Wang and Ling, 2025). Future
architectural shifts must therefore emphasize struc-
tured spatial state, controllable simulation, and in-
tegration with language-based abstraction (Munje
et al., 2025; Song et al., 2025a).
♦ Next-Generation Benchmarks. Benchmark de-
sign will play a decisive role in shaping the tra-
jectory of spatial reasoning research. The survey
highlights that many current benchmarks overem-
phasize static accuracy while under-testing gen-
eralization, counterfactual robustness, and tem-
poral consistency (Hudson and Manning, 2019;
Pothiraj et al., 2025). Next-generation benchmarks
should explicitly align with the framework intro-
duced in Section 3, ensuring balanced coverage
of relation types, reasoning processes, and repre-
sentation demands (Danish et al., 2025; Wang and
Ling, 2025). Incorporating controlled perturba-
tions, multi-view consistency checks, and agentic
interaction can help distinguish genuine spatial un-
derstanding from shortcut exploitation (Stogianni-
dis et al., 2025; Song et al., 2025a). Without such
benchmarks, progress risks remaining benchmark-
centric rather than capability-centric (Pothiraj et al.,
2025; Hudson and Manning, 2019).
♦ Implications for Robotics and Science AI. Ro-
bust spatial reasoning is foundational not only for
robotics, but also for scientific domains that rely on
spatial structure, such as molecular modeling, cli-
mate simulation, and systems biology. In robotics,
failures in metric reasoning, memory, and perspec-
tive alignment directly translate into unsafe or in-
efficient behavior (Song et al., 2025a; Zhang et al.,
2025e; Spranger et al., 2014). Similarly, scien-
tific AI applications require models that can reason
about structure, scale, and transformation beyond
surface-level pattern recognition (Chen et al., 2024;
Munje et al., 2025). The limitations identified in
this survey suggest that deploying foundation mod-
els in these domains without explicit spatial ground-
ing remains risky (Pothiraj et al., 2025; Danish
et al., 2025). Addressing these challenges offers
the potential for transformative impact, but will
require coordinated advances across data, architec-
ture, evaluation, and theory (Hudson and Manning,

2019; Song et al., 2025a).
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