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ABSTRACT

Large language models (LLMs) show strong potential for real-world applica-
tions, yet their deployment in domains requiring deep interaction with the phys-
ical world hinges on robust spatial ability. Existing evaluations are constrained
by a flawed, task-driven paradigm that probes surface-level perception, lacking
the cognitive depth and theoretical guidance needed for true diagnostic precision.
To address this, we introduce HST-bench, a benchmark for Hierarchical Spatial
Thinking that instigates a paradigm shift to theory-driven evaluation. Grounded in
the National Research Council’s theory, HST-bench organizes assessment along
three core cognitive dimensions: Representational Perception, Representational
Transformation, and Spatial Reasoning. Spanning 1,629 problems across 10 sub-
dimensions, our tasks require dynamic operations such as coordinate transforma-
tion and symmetry, demanding deep spatial representation and reasoning. Com-
prehensive evaluations reveal that a “thinking mechanism” is critical for ad-
vanced spatial tasks. We further observe a strong positive correlation between
general and spatial capabilities, and importantly, limited gains from multimodal
inputs, highlighting the current primacy of reasoning over perception. HST-bench
offers a principled, cognitively grounded path toward diagnosing and advancing
the spatial intelligence of large models.

1 INTRODUCTION

Large language models (LLMs), with their outstanding cognitive and reasoning capabilities, have
demonstrated significant application potential in key areas such as traffic optimization (Liu et al.,
2024a), robot control (Vemprala et al., 2023; Ma et al., 2024; Song et al., 2025), urban planning (Zhu
et al., 2024), and autonomous driving (Yang et al., 2024b; Zhang et al., 2025). However, whether
these models can truly handle tasks that require deep interaction with the physical world hinges on
a core capability that has not yet been fully deconstructed—spatial ability. A key reason for this
gap is that current evaluations are constrained by a flawed paradigm: most benchmarks are predom-
inantly task-driven rather than theory-driven, which limits diagnostic precision of a model’s true
capabilities, comparability across studies, and guidance for model improvement. To make this dis-
tinction concrete, task-driven benchmarks typically assemble datasets and metrics around particular
applications or question formats, whereas theory-driven benchmarks start from principled models
of spatial cognition to derive measurable abilities and evaluation criteria. Although several studies
have proposed spatial evaluations for LLMs—such as SpatialVLM (Chen et al., 2024) for 3D VQA,
CA-VQA (Daxberger et al., 2025) for indoor scene understanding, and Open3DVQA (Zhan et al.,
2025) for absolute spatial relationships—current evaluation paradigms exhibit three fundamental
limitations.

First, current evaluation tasks lack cognitive depth. Existing benchmarks largely focus on static
spatial relationship identification (e.g., “Is A to the left of B?”) or absolute metrics (e.g., “What
is the distance between A and B?”), which primarily assess a model’s surface-level perception but
overlook higher-order operations essential for comprehensive spatial intelligence, such as mental ro-
tation, coordinate system transformation, or multi-step trajectory prediction. Second, current bench-
marks are predominantly task-driven. Such evaluations encourage models to exploit dataset-specific
heuristics, achieving superficial task success without demonstrating genuine competence. They also
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hinder comparability across studies and fail to provide fine-grained diagnostic signals that can guide
principled model improvements. Third, existing frameworks lack systematic guidance from cog-
nitive science. Without such theoretically grounded dimensions, benchmarks remain fragmented
and cannot reflect the hierarchical structure of spatial thinking established in psychology and edu-
cation research. This limits their ability to both diagnose the shortcomings of current models and
meaningfully guide their future development.

To address these deficiencies, we introduce HST-bench, a novel benchmark for evaluating the spa-
tial abilities of LLMs, grounded in established cognitive science. Fundamentally departing from
prior work, HST-bench instigates a paradigm shift from being task-driven to theory-driven. As il-
lustrated in the lower part of Figure 1, we operationalize the hierarchical theory of spatial thinking
proposed by the U.S. National Research Council et al. (2005) into a framework that requires models
to complete complex spatial operations such as coordinate transformation, rotation, and symmetry,
rather than merely identifying static object positions. This framework systematically assesses mod-
els across three core cognitive dimensions: 1) Representational Perception, the ability to under-
stand and reconstruct basic spatial information; 2) Representational Transformation, the ability
to perform dynamic mental operations such as rotation, symmetry, and projection; and 3) Spatial
Reasoning, the ability to execute multi-step, long-chain logical inference in complex spatial sce-
narios. These dimensions not only align with how humans develop spatial intelligence, but also
map naturally to an LLM’s processing pipeline—from encoding spatial structure (representation),
to manipulating it (transformation), to chaining inferences over it (reasoning).

Figure 1: Surface-level perception vs.
deep spatial reasoning. While existing
benchmarks test basic visual percep-
tion, our approach requires complex,
multi-step inference.

Figure 2: Overview of HST-bench. Based on spatially
thinking theory, HST-bench maps the three core elements
of spatial cognition to three distinct dimensions of cognitive
abilities.

Our main contributions are summarized as follows:

• We introduce HST-bench, the first evaluation benchmark for the spatial ability of LLMs
that instigates a paradigm shift to be systematically grounded in and driven by cognitive
science. It assesses three core cognitive dimensions, moves beyond surface-level perception
to enable a deep, diagnostic evaluation of a model’s spatial intelligence.

• We demonstrate that HST-bench presents a significant challenge for contemporary LLMs,
especially in complex spatial transformation and reasoning. Our comprehensive evalua-
tions reveal a substantial performance gap between models and human experts.

• Through comprehensive evaluations, we identify that a “thinking mechanism” is the crit-
ical factor for advanced spatial tasks, suggesting that future advancements in spatial intel-
ligence will depend more on improving structured reasoning architectures than on merely
scaling model size.

2 RELATED WORK

Spatial Ability in Cognitive Science. The study of spatial ability is deeply rooted in cognitive sci-
ence, which provides a theoretical gold standard for its assessment. Foundational theories, such as
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Carroll’s three-stratum model, identified a distinct cognitive layer for “forming mental representa-
tions to solve spatial problems” (Carroll, 1993). The National Research Council further synthesized
this field by deconstructing spatial thinking into three core components: understanding spatial con-
cepts, utilizing representational tools, and executing reasoning processes (Council et al., 2005). This
established framework posits that human spatial intelligence is not a monolithic capability but a hi-
erarchical system involving perception, mental transformation, and logical inference. Unlike the
task-driven evaluations prevalent in LLMs, these cognitive theories emphasize the multi-layered
structure of spatial thought. Our work, HST-bench, is the first to systematically operationalize this
hierarchical cognitive framework for evaluating LLMs.

Benchmarking Spatial Abilities in LLMs. Recent research has begun to probe the spatial capabil-
ities of LLMs, primarily through vision-centric benchmarks. For instance, SpatialVLM (Chen et al.,
2024) introduced metric spatial reasoning from real-world images, and CA-VQA (Daxberger et al.,
2025) focused on parsing object topological structures in 3D scenes. In video, VSI-Bench (Yang
et al., 2024a) established the first benchmark for visual-spatial intelligence. While these works are
foundational, they often conflate visual understanding with spatial reasoning. As noted by bench-
marks like Open3DVQA (Zhan et al., 2025), current models struggle with complex spatial tasks. A
significant gap remains: existing evaluations lack systematic coverage of the multi-layered cognitive
structures of spatial intelligence identified by cognitive science, which our work aims to address.

Paradigms for Domain-Specific Evaluation. The methodology of evaluating domain-specific ca-
pabilities in LLMs offers a valuable paradigm for our research. Foundational benchmarks like
MMLU (Hendrycks et al., 2021) and GSM8K (Cobbe et al., 2021) established robust methods for
assessing knowledge across diverse subjects. More advanced frameworks, such as MathBench (Liu
et al., 2024b) and MathVista (Lu et al., 2024), introduced hierarchical structures to test the transfer
from theoretical understanding to practical application. These benchmarks inspire our approach. By
adapting their principles of hierarchical and multifaceted assessment, HST-bench is the first to apply
this rigorous evaluation methodology to the core facets of spatial thinking, thereby providing a more
comprehensive and theoretically-grounded measure of an LLM’s spatial intelligence.

3 METHODOLOGY

The Methodology section will revolve around three main modules: spatial thinking theory, the de-
sign of the evaluation framework, and the construction of the dataset.

3.1 SPATIAL THINKING THEORY

We ground our work in the spatial thinking theory proposed by the U.S. National Research (Council
et al., 2005), which characterizes spatial cognition through three interrelated elements: concepts of
space, tools of representation, and processes of reasoning. Together, these elements describe how
humans perceive, represent, and reason about spatial information, and they provide the theoretical
foundation for our evaluation framework.

Concepts of Space: the cognitive foundation of spatial thinking, covering the understanding of
spatial attributes, spatial relationships, and semantic structures that allow agents to construct prob-
lem domains. Tools of Representation: the external and internal representational systems (e.g.,
diagrams, symbolic descriptions, coordinate systems) that concretize spatial concepts and enable
structured problem solving. Processes of Reasoning: the dynamic operations applied to representa-
tions, from perceiving static object properties to performing mental transformations (e.g., rotation,
projection) and drawing higher-level inferences. This tripartite structure not only explains how spa-
tial intelligence develops in humans but also maps naturally onto the evaluation of LLMs: assessing
their ability to encode spatial concepts, manipulate representations, and integrate them for reasoning.
It serves as the conceptual backbone for the three evaluation dimensions introduced in Section 3.2.

3.2 EVALUATION FRAMEWORK DESIGN

Building on the National Research Council’s three-element theory of spatial thinking (concepts of
space, tools of representation, processes of reasoning), we design an evaluation framework that
operationalizes these principles into three core dimensions: Representational Perception, Represen-
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tational Transformation, and Spatial Reasoning. Unlike task-driven benchmarks that emphasize iso-
lated outputs, this framework decomposes spatial intelligence into cognitive components, enabling
systematic and fine-grained diagnosis.

Representational Perception (corresponding to concepts of space) evaluates the ability to encode
and reconstruct spatial information, covering both static and dynamic attributes. Subtasks include
spatial scene reconstruction, vector relations, relative relations, and state analysis. Representational
Transformation (tools of representation) assesses the ability to mentally manipulate spatial struc-
tures under changes in perspective, scale, or form. Subtasks include reference-frame transforma-
tion, spatial-form transformation (e.g., rotation, symmetry), and projective transformation. Spatial
Reasoning (processes of reasoning) examines the integration of perception and transformation for
multi-step inference, such as process deconstruction, trajectory analysis, and metric reasoning in
complex scenarios. The detailed conceptions are provided in the Appendix A.2 and Table5.

3.3 DATASET CURATION

Data Sources and Collection To systematically assess diverse spatial thinking abilities, we col-
lected problems from mathematics, physics, navigation, surveying, and intelligence testing, guided
by our dimensional framework. Annotation Process: two master’s students in science and engi-
neering conducted question collection, image and formula processing, dimensional labeling, and
data cleaning using a web-based tool. Each question was labeled with dimension and answer type,
then standardized into a multiple-choice format; for image-based questions, all visual information
was made fully reconstructable from text to ensure integrity. Formula Processing: Text-based for-
mulas were retained, while image-based formulas were converted to LaTeX using TexTeller and
manually reviewed to remove errors or distortions. Quality Control: A rigorous protocol was
applied: annotators received unified training, independently labeled overlapping sets, resolved dis-
crepancies through discussion, and ambiguous cases were adjudicated by a third party to ensure high
agreement. Dataset Overview: The final HST-bench dataset contains 1,629 curated problems with
largely uniform distribution across dimensions, consistent with design goals; all items underwent
multiple rounds of review and validation to guarantee reliability and validity, with detailed statistics
provided in the Appendix A.1 and A.2.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We utilize the HST-bench evaluation framework to assess the spatial thinking capabilities of selected
representative LLMs under a zero-shot learning paradigm. Additionally, we shuffle the answer
options to minimize potential position bias.

Model Selection. In our experiments, we distinguish between thinking models and non-thinking
models, inspired by recent studies on reasoning optimization in LLMs (Ma et al., 2025). We de-
fine the “thinking mechanism” operationally as the presence of explicit or implicit reasoning pro-
cesses beyond direct answer generation, often realized through architectures or training strategies
that encourage structured reasoning. By contrast, non-thinking models tend to map inputs directly to
outputs without generating interpretable reasoning traces, or rely mainly on task-specific heuristics.
Detailed justifications for each classification are provided in Appendix A.7. The specific mod-
els we evaluate are as follows: Thinking Models: deepseek-r1-2025-01-20 (DeepSeek-AI et al.,
2025a), gemini-2.5-flash-thinking (Google DeepMind, 2025), gpt-o1-mini1, deepseek-distill-qwen-
7b (Qwen et al., 2025), and glm-4.1v-9b-thinking (Team et al., 2025). Non-thinking Models:
deepseek-v3 (DeepSeek-AI et al., 2025b), qwen-turbo, qwen-max (Qwen et al., 2025), qwen2.5-
72b,qwen2.5-7b Team (2025a), qwenqwq Team (2025b) and llama3.1-8b (Grattafiori et al., 2024).

Moreover, we also selected Multimodal Models for further experiments: qwen-vl-max, qwen-vl-
7b(Bai et al., 2023), glm-4.1v-9b-thinking(Team et al., 2025), llama-4-maverick2 Baselines. In our
research on the spatial reasoning abilities of LLMs, we selected deepseek-r1 and qwen2.5-max as
our baseline models. deepseek-r1 is an advanced general-purpose LLM with advanced thinking

1https://openai.com/index/openai-o1-mini-advancing-cost-efficient-reasoning/
2https://www.llama.com/docs/model-cards-and-prompt-formats/llama4/
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capabilities that set it apart. Its vast knowledge base and exceptional language understanding and
generation skills enable it to tackle a wide range of natural language tasks. The model’s thinking
abilities are particularly evident in its handling of spatial reasoning and complex logical reasoning
based on textual descriptions. In spatial reasoning tests, deepseek-r1 can independently generate
answers from purely textual input. We use it as a baseline model to assess performance on text-based
spatial reasoning tasks. qwen2.5-max is a robust non-thinking large model known for its strong
performance in natural language processing tasks. It effectively interprets semantic information,
allowing it to perform inference and judgment on spatial reasoning tasks.

Human Baseline. To contextualize model performance, we recruited six graduate students with
STEM backgrounds and formal training in problem solving. While the sample size is modest, a
controlled design (two groups of three annotators, independent evaluation, and consensus-based
validation) ensures reliability. We emphasize that the human baseline is intended as an expert-level
reference , rather than a population-level estimate, to provide a meaningful comparison with LLMs.
Detailed procedures and annotation protocols are provided in Appendix A.6.

Circular Evaluation and Average Evaluation. In circular evaluation, the options of the evaluation
data are shuffled multiple times. A response is only counted as correct if it is answered correctly
across all shuffles. This approach significantly reduces randomness and imposes higher requirements
on the model’s capabilities. The average evaluation uses the average of results from three shuffles as
the evaluation metric, the result of average evaluation can be found in Appendix A.3. By integrating
the average correct rate and circular accuracy, we can better assess the spatial capabilities of different
models. In this experiment, the selected scheme is rolling option shuffling to ensure the fairness of
shuffling. From the difference between the two, it can be seen that circular evaluation is a fairly
strict standard.

4.2 MAIN RESULT

As shown in Table 1, we present the main results of HST-bench.
Table 1: Circular accuracy evaluation of models by category (three consecutive correct responses).

Model Category A Category B Category C Total
A1 A2 A3 A4 Avg B1 B2 B3 Avg C1 C2 C3 Avg

Human baseline 76.9 87.4 81.0 80.1

Non-thinking Model 23.9 24.5 29.5 25.7 25.9 29.7 16.9 23.9 23.5 25.2 30.2 25.1 26.9 25.7

deepseek-v3 40.8 39.4 54.2 47.2 45.4 52.9 33.6 48.5 45.0 45.6 53.8 45.8 48.4 46.2
qwen-max 33.0 36.2 38.4 34.2 35.4 42.9 17.2 25.2 28.4 35.0 39.2 31.1 35.1 33.8
qwen-turbo 26.7 31.4 33.3 27.3 29.7 33.6 16.4 25.2 25.1 30.0 36.2 37.3 34.5 30.3
qwen2.5-72b 24.1 23.9 32.2 32.3 28.1 31.9 18.7 25.2 25.3 26.1 32.2 20.9 26.4 26.8
qwen2.5-7b 14.7 9.6 14.1 9.9 12.1 11.8 13.4 17.5 14.2 11.7 16.1 13.0 13.6 13.1
llama3.1-8b 4.2 6.4 4.5 3.1 4.6 5.0 2.2 1.9 3.1 2.8 4.0 2.8 3.2 3.8

Thinking Model 46.0 40.7 49.0 47.7 45.8 45.9 43.7 50.8 46.8 47.3 53.5 45.4 48.7 47.0

deepseek-r1 61.8 59.0 68.4 70.2 64.8 72.3 66.4 70.9 69.9 68.3 72.4 64.4 68.4 67.0
gemini-2.5-flash-thinking 58.6 50.0 59.9 62.7 57.8 58.8 53.7 57.3 56.6 57.8 61.8 62.7 60.8 58.4
qwen-qwq-32b 58.6 49.5 55.9 60.9 56.2 55.5 58.2 65.1 59.6 56.1 62.3 54.8 57.7 57.4
gpt-o1-mini 34.0 33.0 41.8 39.8 37.1 34.5 33.4 35.9 34.9 46.1 46.7 35.6 42.8 38.6
glm-4.1v-9b-thinking 35.1 25.5 42.4 29.2 33.0 35.3 29.1 39.8 34.7 27.8 44.2 31.1 34.4 33.9
deepseek-r1-distill-qwen-7b 27.8 27.1 25.4 23.6 26.0 19.3 20.2 35.9 25.1 27.8 33.7 23.7 28.4 26.6

Total 35.0 32.6 39.2 36.7 35.9 37.8 30.3 37.4 35.2 36.3 41.9 35.3 37.8 36.3
Note: In circular accuracy evaluation, only responses that are correct across all three option shuffles are counted as strictly accurate.
Light green and light blue respectively mark the best dimensions in 3 main dimensions and 10 sub-dimensions of the same model; light
gray highlights the performance of the three main dimensions of each model. A: Representational Perception (A1: Spatial Representation
Reconstruction, A2: Vector Relationship, A3: State Analysis, A4: Relative Relationship) B: Representational Transformation (B1: Reference
Frame Transformation, B2: Projective Transformation, B3: Spatial Form Transformation) C: Spatial Reasoning (C1: Trajectory Analysis, C2:
Metric Reasoning, C3: Process Deconstruction)

Non-thinking Models. Deepseek-v3 demonstrated outstanding performance, ranking first with an
accuracy of 46.2%, surpassing the second-place qwen-max by 12.4%. The performance of the qwen
series of models strictly follows their parameter scales, with capabilities decreasing progressively
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from qwen-max to qwen2.5-7b, clearly indicating that parameter scale forms the foundation of a
model’s spatial abilities. Among small-scale models, qwen2.5-7b (13.1%) also significantly outper-
forms llama3.1-8b, which scored only 3.8%. The latter exhibiting poor results across all dimensions,
with its spatial thinking ability being almost negligible. Overall, there is a strong positive correlation
between a model’s general capability and its spatial thinking ability.

Thinking Models. Deepseek-r1 leads all models by a significant margin, achieving an overall accu-
racy of 67.0%, which represents an improvement of more than 20% over its predecessor, deepseek-
v3. Another model with thinking mechanism, gemini-2.5-flash-thinking and qwen-qwq-32b also
deliver top-tier performance, ranking second and third with accuracies of 58.4% and 57.4%, respec-
tively. Even more remarkable is the impressive performance of smaller models equipped with a
thinking mechanism: glm-4.1v-9b-thinking and the deepseek-r1-distill-qwen-7b achieve accuracies
of 33.9% and 26.6%, respectively. Their performance not only far exceeds that of models of the
same scale, but also approaches and even surpasses the qwen2.5-72b model, which is several times
larger in scale. These findings strongly indicate that the capacity for thinking mechanism is the key
to achieving advanced spatial thinking. Nevertheless, even the best-performing model (deepseek-r1,
67.0%) still lags significantly behind the Human Baseline (80.1%), underscoring the robustness of
human spatial reasoning and providing an upper bound for interpreting model capabilities.

Overall performance. Table 2 reports results in terms of average accuracy, in contrast to the
circular accuracy used in Table 1. We include this table to highlight overall performance across
dimensions, as average accuracy provides a direct aggregate view. The results show that thinking
models consistently outperform non-thinking ones, with an overall margin of +17.7%. The gap is
especially large in Projective Transformation and Spatial Form Transformation (exceeding +20%),
while narrower in simpler dimensions such as State Analysis and Reference Frame Transformation.
These trends reinforce our central finding: a native “thinking mechanism” confers broad and con-
sistent advantages in spatial intelligence, particularly for tasks requiring structured transformations.

Table 2: Average Model Performance by Dimension (accuracy %)

Category A Category B Category C Total
Model Type Avg A1 A2 A3 A4 Avg B1 B2 B3 Avg C1 C2 C3

Non-thinking 46.6 44.4 45.6 50.0 46.2 44.9 50.7 39.1 45.0 46.8 45.6 50.5 44.2 46.2
Thinking 62.9 63.6 60.2 63.9 63.7 65.0 63.7 62.3 68.9 64.6 63.4 67.8 62.7 63.9
Difference +16.3 +19.2 +14.6 +13.9 +17.5 +20.1 +13.0 +23.2 +23.9 +17.8 +17.8 +17.3 +18.5 +17.7

Note: A: Representational Perception (A1: Spatial Representation Reconstruction, A2: Vector Relationship, A3: State Analysis, A4: Relative
Relationship) B: Representational Transformation (B1: Reference Frame Transformation, B2: Projective Transformation, B3: Spatial Form
Transformation) C: Spatial Reasoning (C1: Trajectory Analysis, C2: Metric Reasoning, C3: Process Deconstruction)

Performance in different disciplines. We comprehensively evaluated the performance of the mod-
els across different dimensions in various disciplines, as shown in the Figure 4. It can be observed
that all models perform well in basic disciplines such as mathematics and physics, with the Think-
ing model standing out in particular. However, in professional and interdisciplinary fields such as
intellectual quizzes, where flexible spatial problems need to be addressed, large models encounter
certain difficulties.

4.3 DIMENSIONAL ANALYSIS

As summarized in Table 1 and Figure 3, circular accuracies across the three dimen-
sions—Representational Perception (35.9%), Representational Transformation (35.2%), and Spa-
tial Reasoning (37.8%)—appear balanced at a high level, but finer-grained analysis reveals clear
divergence.

Representational Perception. Deepseek-r1 leads with 64.8% accuracy, but the margin over non-
thinking counterparts is relatively small (e.g., only 19.4% higher than deepseek-v3). This suggests
that the core advantage of “thinking” is more pronounced for tasks that require leveraging spa-
tial inputs for inference, rather than for understanding the inputs themselves. At the subtask level,
models achieve higher accuracy on dynamic properties (e.g., state analysis, relative relation) than
on static structures (e.g., vector relation, reconstruction), suggesting stronger competence in rea-
soning about motion than in comprehending abstract static configurations. Nonetheless, the best-
performing model still falls far short of the Human Baseline (76.9%) on this dimension.

6
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Figure 3: The overall perfor-
mance of different models across
10 dimensions in circular evalua-
tion.

Non-Thinking ModelsThinking Models

Figure 4: A heatmap of different LLMs’ performance in three
main dimensions across various disciplines, where we divide
the models into two groups: thinking and non-thinking. R.P.
stands for Representational Perception, R.T. for Representa-
tional Transformation, and S.R. for Spatial Reasoning.

Representational Transformation. This is the most challenging dimension overall, with weak re-
sults on projective transformation (≈30% on average). Yet, thinking models show clear robustness:
while deepseek-v3 drops nearly 20% between reference-frame and projection subtasks, deepseek-r1
maintains consistently high accuracy (up to 72.3%). This suggests that iterative reasoning aids adap-
tation to complex perspective or form changes. Still, human performance reaches 87.4%, leaving a
gap of more than 50% over the model average.

Spatial Reasoning. Here, thinking models achieve the largest gains. Deepseek-r1 reaches 68.4%,
outperforming larger non-thinking baselines such as qwen2.5-72b, while its distilled variant also
surpasses its base model by +14.8%. This confirms that structured reasoning, rather than parameter
scale alone, drives strong performance in complex multi-step inference. Nevertheless, all models
struggle with process deconstruction tasks, underscoring the difficulty of human-like sequential rea-
soning. Compared with the Human Baseline of 81.0%, current models still exhibit clear limitations.
Overall, despite the substantial improvements enabled by thinking mechanisms, average model ac-
curacies remain almost 50% lower than Human Baseline across all three dimensions, highlighting
that human-level spatial cognition is still far from being achieved.

4.4 DETAILED ANALYSIS

Table 3: Accuracy (%) of models before and after
question revision. “before” = original, “after” =
revised, “change” = difference.

Model before after change

Non-thinking

deepseek-v3 56.0 50.0 -6.0
qwen-max 45.0 37.0 -8.0
qwen2.5-72b 32.0 30.0 -2.0
qwen-turbo 38.0 33.0 -5.0
qwen2.5-7b 14.0 14.0 0.0

Thinking

deepseek-r1 72.0 59.0 -13.0
gemini-2.5-flash-thinking 58.0 53.0 -5.0
qwen-qwq-32b 57.0 47.0 -10.0
gpt-o1-mini 36.0 36.0 0.0
glm-4.1v-9b-thinking 36.0 36.0 0.0
deepseek-r1-distill-qwen-7b 25.0 23.0 -2.0

Discrepancy between Circular Evaluation
and Accuracy Assessment. As shown in Fig-
ure 5, the accuracy of the Qwen series models
generally drops by more than 20% under cir-
cular evaluation, with the decline particularly
pronounced for models with smaller parame-
ter sizes. This indicates a reliance on superfi-
cial cues, such as option order, and a weaker
generalization ability. In contrast, thinking
models such as DeepSeek-R1 and Qwen-QwQ-
32B exhibit more robust performance, with a
smaller decrease in accuracy. This suggests that
the incorporation of thinking mechanisms dur-
ing training enhances intrinsic spatial reasoning
abilities, allowing models to better adapt to op-
tion perturbations.

Does Image Information Aid Spatial Com-
prehension and Reasoning? To analyze
whether multimodal inputs from images can en-
hance models’ understanding of spatial rela-
tionships, we conducted a pilot experiment on a 232-sample subset of our benchmark, each con-
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taining both an image and a corresponding textual description. Importantly, the textual descriptions
were deliberately designed to fully reconstruct the spatial information conveyed by the image, en-
suring informational equivalence between modalities.

As shown in Figure 6, smaller models (glm-4.1v-9b-thinking, qwen-vl-7b) showed slight perfor-
mance drops (–1.3%, -0.8%), while larger ones (llama-4-maverick, qwen-vl-max) achieved only
modest gains (+1.3%, +4.8%). By contrast, deepseek-r1 reached 83.2% accuracy using text alone,
outperforming all multimodal systems. These findings suggest that, under conditions where text en-
codes complete spatial information, current multimodal fusion mechanisms contribute little beyond
text processing, and in some cases even introduce additional noise.

However, we think that these results should not be interpreted as evidence that images are inherently
unhelpful for spatial reasoning. The small sample size and the deliberately text-complete design
likely underestimate the value of visual signals in real-world scenarios, where descriptions are of-
ten incomplete or ambiguous and visual grounding is indispensable. Thus, our findings primarily
highlight the limitations of current fusion approaches rather than the irrelevance of multimodal in-
puts. Future work will expand the multimodal subset, introduce tasks where visual information is
genuinely complementary, and explore more advanced spatial grounding mechanisms.
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Figure 5: Average evaluation and circular evalua-
tion. In the figure, “avg” stands for Average eval-
uation, and “circular” stands for circular evalua-
tion
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Figure 6: Average evaluation of Multimodal
Models. The legend denotes evaluation proto-
cols: “t” for text-only input and “p&t” for com-
bined image-text input.

Robustness under Question Modification. We evaluated robustness using circular accuracy by
randomly modifying 100 questions across domains. As shown in Table 3, both non-thinking and
thinking models exhibited performance declines, but with distinct patterns. Non-thinking mod-
els showed moderate yet consistent drops (e.g., qwen-max –8.0%, deepseek-v3 –6.0%), reflecting
their reliance on shallow input–output mappings that are easily disrupted when surface cues change.
Thinking models, in contrast, varied more widely: strong ones such as deepseek-r1 (–13.0%)
and qwen-qwq-32b (–10.0%) suffered larger degradations, while weaker models (gpt-o1-mini,
glm-4.1v-9b-thinking) remained almost unaffected. This divergence suggests that top-performing
thinking models depend on structured but brittle reasoning chains that can collapse once perturbed,
whereas the apparent stability of weaker models reflects their lack of genuine multi-step reasoning
engagement.

Effect of Chain-of-Thought Prompting. The CoT experiment (Table 4) further corroborates this
interpretation. For non-thinking models, adding structured reasoning prompts led to only marginal
gains (e.g., ≤ 3.0% for deepseek-v3 and qwen-max), indicating that externally imposed reasoning
traces provide limited assistance in decomposing spatial problems. Thinking models, on the other
hand, saw little to no benefit, underscoring that their performance advantage stems from internalized
reasoning procedures rather than from prompt engineering. Taken together with the robustness
results, these findings point to a unified picture: current thinking models achieve strong performance
by internalizing programmatic reasoning routines that are powerful but fragile, while non-thinking
models remain constrained by shallow heuristics even under CoT. Future progress thus requires
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developing reasoning mechanisms that are not only accurate but also robust and adaptive, moving
beyond brittle procedural execution toward flexible, self-corrective problem solving.

Table 4: Circular accuracy (%) of non-thinking
models with and without CoT. “before” is base-
line, “CoT-v” applies CoT, and “change” is the
delta.

Model before (%) CoT-v (%) change (%)

deepseek-v3 48.0 51.0 +3.0

qwen-max 32.0 35.0 +3.0

qwen-turbo 31.0 32.0 +1.0

qwen2.5-72b 26.0 27.0 +1.0

Classification of Error Causes. We catego-
rize the main errors of DeepSeek-R1 into four
types. (1) Fabricated or Misinterpreted Con-
ditions: the model introduces fictional condi-
tions or misreads given ones; (2) Insufficient
Application of Spatial Knowledge: deficien-
cies in domain-specific knowledge (e.g., navi-
gation, physics) lead to wrong formula appli-
cations or conceptual mistakes; (3) Reasoning
Process Deviation: failures in processing rela-
tive motion or reference frames, often misinter-
preting dynamic processes such as motion tra-
jectories; (4)Spatial Relation Confusion: con-
fusion in fundamental geometric or directional
judgments (e.g., left/right, clockwise vs. counterclockwise). For instance, in a task requiring the ori-
entation of an object after successive 90◦ rotations, the model mistakenly concluded that the object
returned to its initial orientation, revealing clockwise/counterclockwise confusion.

Figure 7: Examples of Reasoning Process Deviation as
the error type occurring in Deepseek-r1

10.93%

22.24%

33.89%

32.94%

Error Type
Fabricated Conditions
Insufficient Application
Reasoning Deviation
Relation Confusion

Figure 8: Error types of the experiment

As illustrated in Figure 8, Fabricated or Misinterpreted Conditions occur relatively infrequently
(10.9%), while Insufficient Spatial Knowledge accounts for 22.2%. In contrast, Reasoning Process
Deviation and Spatial Relation Confusion together contribute about 66.8%, indicating that most er-
rors stem from reasoning and relational understanding rather than missing conditions or background
knowledge. Figure 7 illustrates a representative case: while DeepSeek-R1 correctly decomposes the
problem into two motion phases, it mistakenly sums the sliding distances of both phases without
accounting for their overlap, leading to an overestimation of the total displacement. We provide
more error cases in the Appendix A.8.

5 CONCLUSION

We present HST-bench, a cognitive-science grounded benchmark for evaluating spatial reasoning in
LLMs. It decomposes spatial ability into three dimensions and ten sub-indicators, covering 1,629
curated questions. Our results show a positive correlation between model scale and performance:
LLMs excel at computational reasoning but remain weak in spatial visualization and transformation.
This reveals both the potential and current limitations of LLMs, calling for future methods that
enhance geometric and perceptual reasoning beyond text-based learning.
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LIMITATIONS

Our multimodal analysis is preliminary: the subset is small (232 samples) and the textual descrip-
tions were designed to fully reconstruct the images, which may underestimate the value of visual
inputs in realistic settings where text is incomplete or ambiguous. Thus, the results mainly reflect
current fusion limitations rather than the irrelevance of multimodality. In addition, cost constraints
limited the inclusion of very large proprietary models. Moreover, the current benchmark adopts
a multiple-choice format, which, while ensuring consistency and objective scoring, may underes-
timate models’ capacity for open-ended reasoning and the ability to articulate intermediate steps.
This design choice may also reduce ecological validity, since many real-world applications (e.g.,
robotics, navigation, scientific problem solving) require free-form reasoning beyond discrete option
selection. Future work will therefore broaden task domains, extend to open-ended formats that cap-
ture explicit reasoning traces (e.g., step-by-step coordinate transformations), and investigate richer
multimodal reasoning mechanisms to improve both diagnostic accuracy and real-world applicabil-
ity. Another limitation lies in the human baseline: although our annotators were graduate students
with relevant STEM backgrounds, the sample size (six participants) is relatively small and may not
fully capture population-level performance. Future work will include a larger and more diverse pool
of human participants, covering different expertise levels, to establish more robust human reference
baselines.

ETHICS STATEMENT

This work complies with the ICLR Code of Ethics3. The goal of our research is to evaluate the spatial
thinking abilities of large language models (LLMs) using publicly available resources. No human
subjects, personal information, or sensitive data are involved in this study. All datasets are sourced
from openly accessible resources on the Internet. We have assessed the potential ethical risks of this
benchmark, including bias, fairness, and possible misuse. To mitigate these risks, we ensure that
all evaluation tasks avoid sensitive social contexts and we provide detailed documentation of dataset
collection and filtering processes. This work has no conflicts of interest or competing financial
interests.

THE USE OF LARGE LANGUAGE MODELS

Under the policy of ICLR, we hereby disclose that LLM was used to assist in the polishing and
refinement of the writing in this paper. Specifically, the LLM was employed to improve grammatical
correctness, sentence fluency, and terminology consistency. It was also used to rephrase certain
sentences for better clarity and coherence. All ideas, theoretical development, experimental design,
result analysis, and scientific conclusions remain entirely the work of the human authors. The use
of the LLM was strictly limited to linguistic enhancement and did not contribute to the intellectual
content of the research. The final manuscript was thoroughly reviewed, verified, and approved by
the authors.

REPRODUCIBILITY STATEMENT

We have taken multiple measures to ensure the reproducibility of our benchmark and experimen-
tal results. Complete details of the benchmark design, including task taxonomy, data generation
rules, and evaluation metrics, are provided in Section 3.3 of the main text. The evaluation code,
configuration files, and the list of models will be made available in an anonymous code repository
(https://anonymous.4open.science/r/submission-9365). All hyperparameters and model inference
settings are documented in detail, enabling exact reproduction of the results reported in this paper.

3https://iclr.cc/public/CodeOfEthics
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A APPENDIX

A.1 DATASET STATISTICS

The detailed statistical data of HST-bench questions are as follows: Table 5 presents the data dis-
tribution of each dimension, the data distribution of each field, and the data distribution of different
analysis types.
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Table 5: Comprehensive dataset statistics by question category, discipline, and abstraction level.
R.P. stands for Representational Perception, R.T. for Representational Transformation, and S.R. for
Spatial Reasoning.

(a) Question categories

Category Type Count

R.P.

Total 717
A1: Spatial Representation Reconstruction 191
A2: Vector Relationship 188
A3: State Analysis 177
A4: Relative Relationship 161

R.T.

Total 357
B1: Reference Frame Transformation 119
B2: Projective Transformation 134
B3: Spatial Form Transformation 104

S.R.

Total 555
C1: Trajectory Analysis 180
C2: Metric Reasoning 198
C3: Process Deconstruction 177

Grand Total 1,629

(b) Discipline distribution

Discipline Count

Mathematics 491
Physics 579
Aeronautics 146
Navigation/Surveying 237
Astronomy 102
Intelligence Quiz 74

Total 1,629

(c) Abstraction level

Operation Type Count

Numerical 1080
Symbolic 351
Non-calculation 198

Total 1,629

A.2 DATASET CURATION

Data Sources and Collection. To systematically assess a wide range of spatial thinking abilities,
we collected problems from disciplines rich in spatial content, including mathematics, physics, nav-
igation, surveying, and intelligence testing. Following our dimensional framework, we gathered
relevant questions from multiple sources.

Annotation Process. The annotation was performed by two master’s students with science and
engineering backgrounds. Their tasks included question collection, image and formula processing,
dimensional labeling, and data cleaning. We developed a web-based tool to manage this process.
Each question was labeled with its corresponding dimension and answer type, and then standardized
into a structured multiple-choice format for consistent model evaluation. For questions containing
images, we ensured all visual information was fully reconstructable from textual descriptions to
maintain data integrity.

Formula Processing. We handled mathematical formulas using a dual approach. Text-based for-
mulas were retained directly. Image-based formulas were converted to LaTeX format using the
TexTeller tool. These were then re-rendered and manually reviewed to discard any conversion errors
or semantic distortions, ensuring formula accuracy.

Quality Control. We implemented a rigorous quality control protocol. Annotators, selected for
their strong academic backgrounds, received unified training on the dimensional definitions and
standards. We used a cross-validation method where two annotators independently labeled the same
questions. They then compared results and resolved discrepancies through discussion. For highly
ambiguous cases, a third party arbitrated to determine the final annotation, ensuring high inter-
annotator agreement.
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A.3 DETAILED TABLES

Table 6: Average evaluation by dimension (accuracy %)

Model Category A Category B Category C Total
A1 A2 A3 A4 Avg B1 B2 B3 Avg C1 C2 C3 Avg

Non-thinking Model 44.4 45.6 50.0 46.2 46.6 50.7 39.1 45.0 44.9 45.6 50.5 44.2 46.8 46.2

deepseek-v3 59.0 62.9 70.2 65.8 64.5 72.3 54.7 64.7 63.9 64.1 72.0 64.8 67.0 65.1
qwen-max 51.5 55.9 56.7 54.9 54.7 61.9 41.3 47.3 50.2 53.2 57.6 49.5 53.4 53.3
qwen-turbo 48.5 49.7 54.1 47.8 50.0 50.1 39.3 53.4 47.6 51.5 55.1 53.3 53.3 50.5
qwen2.5-72b 46.8 45.7 53.1 52.6 49.6 53.2 43.0 47.9 48.1 46.5 52.3 40.9 46.5 48.2
qwen2.5-7b 37.5 35.5 40.1 36.4 37.4 38.7 37.3 41.1 39.0 36.9 44.1 34.7 38.5 38.2
llama3.1-8b 23.0 24.1 25.8 19.7 23.2 27.7 19.2 15.9 20.9 21.5 21.8 22.2 21.8 22.3

Thinking Model 63.6 60.2 63.9 63.7 62.9 63.7 62.3 68.9 65.0 63.4 67.8 62.7 64.6 63.9

deepseek-r1 77.8 74.8 78.0 79.3 77.5 83.2 80.6 82.9 82.2 76.9 81.9 78.3 79.0 79.0
gemini-2.5-flash-thinking 71.7 66.0 71.6 71.8 70.3 73.7 69.4 72.8 72.0 70.2 72.2 73.5 71.9 71.2
qwen-qwq-32b 73.7 67.6 68.6 72.1 70.5 72.8 75.6 81.9 76.8 71.1 74.2 70.4 71.9 72.3
gpt-o1-mini 52.7 54.3 59.9 59.2 56.5 58.5 52.7 61.5 57.6 59.4 64.3 54.4 59.4 57.6
glm-4.1v-9b-thinking 52.9 48.9 57.4 51.4 52.7 51.3 45.8 54.1 50.4 52.0 59.5 49.9 53.8 52.5
deepseek-r1-distill-qwen-7b 53.1 49.8 48.2 48.2 49.8 42.6 49.8 60.5 51.0 50.6 54.9 49.9 51.8 50.7

Total 54.0 52.9 57.0 54.9 54.7 57.2 50.7 57.0 55.0 54.5 59.2 53.5 55.7 55.1
Note: A: Representational Perception (A1: Spatial Representation Reconstruction, A2: Vector Relationship, A3: State Analysis, A4: Relative
Relationship) B: Representational Transformation (B1: Reference Frame Transformation, B2: Projective Transformation, B3: Spatial Form
Transformation) C: Spatial Reasoning (C1: Trajectory Analysis, C2: Metric Reasoning, C3: Process Deconstruction)

This section presents detailed statistics on the correct rate during the detailed analysis phase. The
results of each model under average evaluation are presented in the Table 6. And the experimental
results by average evaluation of each model under multimodal experiments are shown in Table 7.

Table 7: Multimodal model accuracy evaluation by category (%)

Model A B C Total

deepseek-r1 80.0 84.4 86.2 83.2
gpt-o1-mini 43.0 55.6 63.2 53.0

qwen-vl-max 47.0 37.8 47.1 45.3
qwen-vl-max withoutp 41.0 37.8 41.4 40.5

qwen-vl-7b 38.0 35.6 29.9 34.5
qwen-vl-7b withoutp 36.0 35.6 34.5 35.3

llama-4-maverick 71.0 62.2 72.4 69.8
llama-4-maverick withoutp 76.0 57.8 65.5 68.5

glm-4.1v-9b-thinking 56.0 64.4 64.4 60.8
glm-4.1v-9b-thinking withoutp 60.0 57.8 66.7 62.1

Note: For multimodal models, the withoutp suffix denotes results without image inputs, and no suffix denotes results with normal image
inputs. A: Representational Perception B: Representational Transformation C: Spatial Reasoning

A.4 EXPERIMENT FIGURES

This section further presents a detailed analysis of the performance gap between average accuracy
and circular evaluation accuracy across multiple shuffling experiments. The differential patterns of
various models under these two evaluation criteria, highlighting the consistency-stability tradeoff,
are visualized in Figure 9.
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Figure 9: Performance of different models under two evaluation criteria: average evaluation and
circular evaluation. The top two rows are non-thinking models, and the last row is thinking models

A.5 MODEL PERFORMANCE ON DIFFERENT ANSWER TYPES

Based on the core operational features of each problem, this study categorizes problem-solving
methods into three types: numerical calculation, symbolic calculation, and non-calculation. The
experimental results are shown in Figure 10. LLMs display a distinct hierarchy in their performance
across these three types of problems.

Figure 10: Performance of Various Text Models Across Three Distinct Categories, measured by
average accuracy. Among them, Numerical, Symbolic, and Non-calculation represent three types:
numerical, abstract, and non-calculation, respectively.
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Overall, models perform better on numerical calculation tasks than on other types of questions, espe-
cially the top-performing deepseek-r1 and qwen-qwq-32b, which show significantly higher accuracy
on numerical calculation problems compared to symbolic calculation and non-calculation problems.
In contrast, small-parameter models are more adept at non-calculation problems and exhibit notable
disadvantages when it comes to calculation tasks, particularly symbolic calculation. For exam-
ple, the accuracy of glm-4.1v-9b-thinking on symbolic calculation problems is 16% lower than on
non-calculation questions. This suggests that small-parameter models have a certain grasp of basic
spatial understanding tasks that do not require calculation, but are limited in solving spatial prob-
lems involving numerical computation due to parameter constraints. Symbolic reasoning remains a
common challenge for large models, but increased parameter size and the thinking mechanism help
alleviate shortcomings in symbolic reasoning within spatial problem domains.

A.6 HUMAN BASELINE

Annotator Configuration This study recruited six graduate students with STEM backgrounds as
annotators (all trained in relevant domain knowledge). They were divided into two groups (Group
A/B), with each group containing three independent annotators.

Data Sampling Method A total of 200 questions were sampled from the target benchmark set
through stratified random sampling, equally distributed to both groups (100 questions per group).
This sampling strategy ensures representativeness in difficulty levels and question type distribution.

Annotation Protocol Each annotator independently evaluated 100 questions within their assigned
group (exact quantity adjusted per experimental phase). To ensure judgment independence, the
following control measures were strictly implemented:

• Annotation tasks performed in isolated environments

• Any communication between annotators prohibited

• Double-blind evaluation mechanism employed (both evaluators and data sources remain
anonymous)

Human Accuracy Baseline Calculation The human accuracy baseline is established through a
leave-one-out validation procedure (Calderon et al., 2025) designed to quantify group-level perfor-
mance against verified ground truth labels. This methodology comprises two principal computa-
tional phases:

1. Group-Level Performance Assessment: For each group Gj ∈ {GA, GB} with three
annotators, we compute the group accuracy by majority vote. For each question q, the
group label LGj (q) is determined by majority agreement among the three annotators, and
then compared against the ground truth:

δq =

{
1 if LGj (q) = Ltruth(q)

0 otherwise
(1)

The accuracy of each group is then

AGj
=

1

Nj

Nj∑
q=1

δq × 100%, (2)

where Nj denotes the number of questions assigned to group j.

2. Baseline Establishment: The aggregate human baseline is derived as the mean of the two
group accuracies:

Abaseline =
1

2

2∑
j=1

AGj
. (3)

This represents the expected human performance upper bound for the given task domain.
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A.7 CLASSIFICATION OF EVALUATED MODELS

Table 8 provides detailed justification for the classification of each evaluated model. For instance,
deepseek-r1 is marked as a thinking model because its training pipeline incorporates reinforcement
learning explicitly targeted at reasoning skills (DeepSeek-AI et al., 2025a). By contrast, its prede-
cessor deepseek-v3 focuses on efficiency and scaling without describing any reasoning-specific op-
timization (DeepSeek-AI et al., 2025b), and is therefore categorized as a non-thinking model. Sim-
ilarly, gpt-o1-mini, glm-4.1v-9b-thinking, and gemini-2.5-flash-thinking are reasoning-optimized
variants, while qwen-qwq-32b and deepseek-r1-distill-qwen-7b inherit reasoning-enhanced training
from teacher models. In contrast, general-purpose models such as qwen-turbo, qwen-max, qwen2.5-
72b, qwen2.5-7b, and llama3.1-8b are considered non-thinking. This evidence-based classification
ensures that our analysis of the role of the “thinking mechanism” is both transparent and repro-
ducible.

Table 8: Classification of evaluated models into thinking and non-thinking categories, with justifi-
cation.

Model Classification Justification (with citation)

deepseek-r1 Thinking Incorporates reinforcement learning strategy to incentivize
reasoning (DeepSeek-AI et al., 2025a).

gemini-2.5-flash-thinking Thinking Official release emphasizes reasoning-oriented optimiza-
tion in the Gemini-2.5 series (Google DeepMind, 2025).

qwen-qwq-32b Thinking Qwen-QwQ series is specifically designed for reasoning-
intensive tasks (Qwen et al., 2025).

gpt-o1-mini Thinking OpenAI announcement highlights reasoning optimization
for cost-efficient inference4.

glm-4.1v-9b-thinking Thinking Explicitly branded as ”thinking” variant, optimized with
reinforcement learning for structured reasoning (Team
et al., 2025).

deepseek-r1-distill-qwen-7b Thinking Distilled from reasoning-enhanced teacher models (Qwen
et al., 2025).

deepseek-v3 Non-thinking Technical report emphasizes scaling and efficiency, with-
out explicit reasoning-enhancing mechanisms (DeepSeek-
AI et al., 2025b).

qwen-max Non-thinking General-purpose model, technical report does not describe
explicit reasoning-focused mechanisms (Qwen et al.,
2025).

qwen-turbo Non-thinking Variant optimized for speed and cost, without reasoning-
specific strategies (Qwen et al., 2025).

qwen2.5-72b Non-thinking Scaling-focused large model without explicit reasoning
optimization (Qwen et al., 2025).

qwen2.5-7b Non-thinking Smaller baseline model, lacking reasoning-enhanced
training methods (Qwen et al., 2025).

llama3.1-8b Non-thinking Baseline large model without reasoning-optimized train-
ing strategies (Grattafiori et al., 2024).

A.8 ERROR TYPE CLASSIFICATION

The four types of all incorrect responses are Fabricated or Misinterpreted Conditions (Figure 11), In-
sufficient Application of Spatial Knowledge (Figure 12), Reasoning Process Deviation (Figure 13),
and Spatial Relation Confusion (Figure 14).
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Figure 11: Fabricated or Misinterpreted Conditions

Figure 12: Insufficient Application of Spatial Knowledge
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Figure 13: Reasoning Process Deviation

Figure 14: Spatial Relation Confusion

A.9 OUTPUT&INPUT

Figure 15 and Figure 16 show the detailed experimental design in Chinese and English, respectively,
including the questions, prompts, and the model’s actual responses; Figure 17 and Figure 18 present
the specific details for the multimodal questions.
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Figure 15: Chiniese Main Experiment

Figure 16: English Main Experiment
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Figure 17: Chinese Multimodal Experiment
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Figure 18: English Multimodal Experiment
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