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Abstract

Large language models (LLMs) and vision-language models (VLMs) have demon-
strated remarkable performance across a wide range of tasks and domains. Despite
this promise, spatial understanding and reasoning—a fundamental component
of human cognition—remains under-explored. We propose SpatialEval, a novel
benchmark that covers diverse aspects of spatial reasoning such as relationship
understanding, navigation, and counting. We conduct a comprehensive evaluation
of competitive language and vision-language models. Our findings reveal several
counter-intuitive insights that have been overlooked in the literature: (1) Spatial
reasoning poses significant challenges where competitive models can fall behind
random guessing; (2) Despite additional visual input, VLMs often under-perform
compared to their LLM counterparts; (3) When both textual and visual information
is available, multi-modal language models become less reliant on visual informa-
tion if sufficient textual clues are provided. Additionally, we demonstrate that
leveraging redundancy between vision and text can significantly enhance model
performance. We hope our study will inform the development of multimodal mod-
els to improve spatial intelligence and further close the gap with human intelligence.
Our code is available at https://github.com/jiayuww/SpatialEval.

1 Introduction

The recent breakthroughs in foundation models have had a transformative effect on research and
industry, and we have seen these models rapidly integrated into products and new businesses that are
shaping people’s lives for the better. This sea change was initially driven by large language models
(LLMs), which have shown at times near unbelievable, human-level performance across a wide range
of tasks. Over the past year, many of these models have been extended to handle images in addition
to text, leading to a significant increase in vision-language models (VLMs), especially multimodal
large language models (MLLMs), which demonstrate groundbreaking performance in image-related
tasks as in the text domain.

However, the reality is not quite as rosy as advertised. While these models have been instrumental
in advancing the state-of-the-art in complex reasoning tasks such as common sense reasoning,
mathematical problem solving, and scientific question answering [17, 30, 41, 72, 75], they have not
been as effective for a number of problem domains. In particular, as we will show in this paper, they
have limited performance on tasks that require detailed visual understanding and reasoning of images.
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Visual understanding and reasoning—an intrinsic part of human perception and cognitive abil-
ity—have been largely under-explored when it comes to LLMs and VLMs. In fact, it is often argued
that the visual sense is the dominant sense in people, yet when it comes to current models, it seems
quite secondary. Spatial reasoning, in particular, is fundamental to everyday human activities such
as navigating environments, understanding maps, and manipulating objects. It encompasses skills
that are crucial for both survival and higher-order cognition, including the ability to navigate through
space, recognize patterns, and deduce relationships from spatial configurations.

In this paper, we propose SpatialEval, a novel benchmark containing four tasks (Spatial-Map,
Maze-Nav, Spatial-Grid, and Spatial-Real, Section 2.1) to explore the performance of LLMs
and VLMs on diverse aspects of spatial reasoning, including relationship, navigation, position
understanding, and object counting. Humans excel at such tasks, making them essential capabilities
for intelligent systems to emulate for safe and effective deployment in the real world.

Our dataset, however, is constructed with a key twist – each problem in our benchmark has an image
and a text representation that is sufficient for answering each spatial understanding question. We
denote the use of these sources as VQA, which is the standard task of visual-question answering that
consists of a vision-only input and a question, TQA, text-only input and a question, and VTQA, a
combination of the previous with vision and text input.

We conduct a systematic and comprehensive evaluation of a wide range of open-source and proprietary
LLMs and VLMs. We perform in-depth analysis and unveil several novel and surprising results that
challenge the current understanding of how these models process spatial information:

• Spatial reasoning remains challenging: VLMs frequently struggle with spatial reasoning
tasks, with some competitive models performing worse than random guessing.

• Visual vs. textual inputs: Without detailed textual descriptions, multimodal models rarely
surpass the performance of their LLM backbones when relying solely on visual inputs. This
underscores the critical role of text in enhancing model performance on spatial reasoning.

• Reduced reliance on visual information: When both textual and visual inputs are provided,
multimodal language models tend to rely less on the visual component if sufficient textual
clues are available.

• Textual performance of VLMs: VLMs often outperform their LLM counterparts with
text-only inputs, indicating that the language model backbones within VLMs benefit from
multimodal training, despite a lack of similar benefits from the visual components.

We surmise the limitations in VLMs’ spatial understanding stem from the overly simplistic handling
of visual information in current architectures and training pipelines. We believe the contributions of
this paper will drive changes in model design, accelerating improvements that could unlock more
robust spatial reasoning capabilities, and help bridge the gap toward human-like intelligence.

2 Dataset and Task Construction

2.1 Dataset Setup

To evaluate the spatial reasoning abilities of LLMs and VLMs, we construct four diverse tasks
including spatial relationships, navigation, position understanding, and counting. To systematically
study the impact of modality, we design three types of input formats for each task: (1) TQA (Text-
only): the input is purely textual and contains all necessary information for a person to answer the
questions. (2) VQA (Vision-only): the input consists solely of an image, which provides sufficient
details for a person to easily answer, a format also referred to as Visual Question Answering (VQA) in
the literature. (3) VTQA (Vision-text): the input includes both an image and its textual representation
with detailed descriptions, rendering the information in both modalities redundant. We evaluate
LLMs using Text-only inputs and VLMs using Text-only, Vision-only, and Vision-text inputs on the
same set of questions (Table 1). The synthetic tasks are curated based on the following key guidelines:
(1) Avoidance of data leakage—since LLMs are pre-trained on web-scale data, it is crucial to ensure
that the test data have not been seen during training; (2) configurability—being configurable allows
for controlled experiments and extends easily to additional tasks; (3) scalability—the ability to scale
the number of test samples enhances the statistical significance of experimental results.
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Figure 1: Illustration of theSpatial-Map task, which simulates a map with multiple locations. To
investigate the impact of modality, we consider three input formats: Text-only, Vision-only, and
Vision-text. We evaluate language models (w. TQA input) and vision-language models (w. VQA and
VTQA inputs) on the same set of questions.

Spatial-Map. Understanding the spatial relationships among objects on a map is a fundamental
aspect of human cognitive abilities. To simulate this environment, we create a map-like dataset
termedSpatial-Map with K objects, whereK is con�gurable. Each object is associated with a
unique location name, such as Unicorn Umbrellas and Gale Gifts. To study the impact of modality,
the textual representation of each input consists of pairwise relations such asBrews Brothers Pub
is to the Southeast of Whale's Watches. An example withK = 6 is shown in Figure 1,
with Text-only, Vision-only, and Vision-text inputs. These questions include asking about the spatial
relationships between two locations and the number of objects that meet speci�c spatial criteria.

Maze-Nav.Navigation through complex spaces is essential for intelligent systems. To evaluate such
abilities, we have developed a maze-like dataset namedMaze-Nav. Visually, each sample can be

Figure 2: Illustration of theMaze-Navtask, which evaluates the model's ability to navigate from the
starting point (S) to the exit (E).
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represented as colored blocks where different colors signify distinct elements: a green block marks
the starting point (S), a red block indicates the exit (E), black blocks represent impassable walls,
white blocks denote navigable paths, and blue blocks trace the path from S to E. The objective is to
navigate from S to E following the blue path, with movement permitted in the four cardinal directions
(up, down, left, right). Alternatively, each input can be depicted in a textual format using ASCII code.
An example is illustrated in Figure 2, featuring Text-only, Vision-only, and Vision-text inputs. We
construct this task based on an open-sourced library [26]. The questions asked include counting the
number of turns from S to E and determining the spatial relationship between S and E. While such
questions are easy for humans, we will show in Section 3 that they still pose signi�cant challenges
for modern multimodal language models.

Figure 3: Illustration of theSpatial-Grid task, which evaluates the model's spatial reasoning
ability in a rigid grid structure.

Spatial-Grid. To investigate spatial understanding within structured environments, we introduce
a grid-like dataset namedSpatial-Grid , contrasting with theSpatial-Map where objects are
positioned arbitrarily. Visually, each input consists of a grid of cells, each containing an image (e.g.,
a rabbit). An example is illustrated in Figure 3. Alternatively, this grid can also be represented in
a purely textual format; for instance, the �rst row might be described as: elephant | cat | giraffe |
elephant | cat. The evaluations focus on tasks such as counting speci�c objects (e.g.,rabbits) and
identifying the object located at a speci�c coordinate in the grid (e.g.,�rst row, second column).

Spatial-Real. To extend the evaluation of spatial reasoning beyond synthetic environments, we
introduceSpatial-Real , a task built on the Densely Captioned Images (DCI) dataset [67], where
each image has a detailed caption with more than 1,000 words on average. As DCI does not contain
questions, we curate multiple-choice questions regarding spatial reasoning (object counting, relation,
and position understanding) and annotate the answers. An example is shown in Figure 4. We provide
detailed analysis onSpatial-Real in Appendix E.

2.2 Models

We consider a wide range of competitive open-source language models with different scales, including
Phi2-2.7B [35], the LLaMA family (LLaMA-2-7B, LLaMA-2-13B, and LLaMA-3-8B) [65], Mistral-
7B [27], the Vicuna family (Vicuna-7B-1.5 and Vicuna-13B-1.5) [11], and Nous-Hermes-2-Yi-34B.
For multimodal language models, we consider the Bunny family (Bunny-Phi-2-SigLIP, Bunny-
Phi-1.5-SigLIP, Bunny-Phi-2-EVA, and Bunny-Phi-1.5-EVA) [22], CogVLM [69], CogAgent [23],
InstructBLIP family (InstructBLIP-Vicuna-7B and InstructBLIP-Vicuna-13B) [13], and LLaVA
family (LLaVA-1.6-Mistral-7B, LLaVA-1.6-Vicuna-7B, LLaVA-1.6-Vicuna-13B, and LLaVA-1.6-
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Figure 4: Illustration of theSpatial-Real task, which is built on real images with long captions,
featuring detailed descriptions averaging over 1,000 words per image.

34B) [38]. We also evaluate the proprietary models: Open AI's GPT-4V, GPT-4o, GPT-4, Google
Gemini Pro 1.0, and Anthropic Claude 3 Opus.

Evaluation. As each question contains four options, we use accuracy as the main evaluation metric.
The same user prompt is appended at the end of each question:First, provide a concise answer
in one sentence. Then, elaborate on the reasoning behind your answer in a detailed, step-by-step
explanation. For each model, we adopt the default con�gurations and decoding strategies,e.g.,argmax
for deterministic decoding and top-p for non-deterministic decoding. For non-deterministic decoding,
the results are averaged over three independent runs for open-source models. For proprietary models,
due to their limited availability and increased compute time and cost, we only perform one run. We
summarize the terminologies regarding input modalities for LLMs and VLMs in Table 1:

Model Input Modality Term Description

LLM Text-only TQA (LLM) Text-only input that includes all necessary infor-
mation to answer questions without visual context.

VLM Text-only TQA (VLM) Text-only input as in TQA (LLM) but applied to
VLMs (e.g.,the LLaVA family).

VLM Vision-only VQA Input only includes an image without correspond-
ing textual description.

VLM Vision-text VTQA Input includes both an image and its textual de-
scription.

Table 1: Terms regarding input modalities for LLMs and VLMs.

We describe the Text-only, Vision-only, and Vision-text input modalities based on how we feed the
image information to the models. Vision-only input means the image is fed directly to the models
without textual description, while all questions are presented in text.

3 Main Results and Analysis

Spatial reasoning remains surprisingly challenging.The evaluation results on open-source models
onSpatial-Map , Maze-Nav, andSpatial-Grid are shown in Figure 5. For each task, the reported
accuracy is averaged over all questions. For vision-language models, we choose the Vision-only
input format, commonly used in Visual Question Answering (VQA). We use a dashed red line in
each �gure to indicate the expected accuracy if answering by random guessing. Our �ndings reveal
several notable insights:(1) Vision-only inputs: Despite the simplicity of these tasks for humans,
most competitive multimodal models perform at levels similar to or barely above random guessing.
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Figure 5: Performance overview on spatial reasoning tasks. We report the accuracy averaged over
all questions. We consider the VQA (Vision-only) format for vision-language models. The dashed
red line denotes the expected accuracy for random guessing. ForSpatial-Map andMaze-Navtasks,
only a few models outperform random guessing by a notable margin.

(2) Text-only inputs: While the textual input includes essential spatial information, it generally does
not signi�cantly enhance the spatial reasoning capabilities of competitive models. An exception
occurs in theSpatial-Grid task, where Llama-3 achieves an accuracy of 71.9%, followed by
Mistral-7B-Instruct at 62.1%, both notably surpassing random guessing. Despite these successes, the
performance of these models still lags signi�cantly behind human levels. These results underscore
the need for further development of techniques tailored to spatial understanding and reasoning.

The impact of input modality. To investigate the impact of modality, we compare the performance
of a large language model (LLM) and a vision-language model (VLM) with the same language
backbone. We consider the VQA (Vision-only) format for vision-language models. The results are
shown in Figure 6. Each vertex on the spider plot represents the average accuracy of a (VLM, LLM)
pair. We observe that onSpatial-Map andSpatial-Grid , the majority of VLMs yield worse
performance compared to their LLM counterpart, despite having an additional visual encoder. For
example, onSpatial-Grid , Mixtral-7B achieves an average accuracy of 62.1%, while LLaVA-v1.6-
Mistral-7B only yields an accuracy of 47.1% (15%#). Detailed results can be seen in Appendix F.

Figure 6: TQA (LLM) vs. VQA on spatial reasoning tasks. Each vertex on the spider plot represents
the Avg Acc of a (VLM, LLM) pair with the same language backbone, i.e., LLM v.s. VLM further
�netuned on that. VLMs are depicted in red, and LLMs in blue. We can see that VLMs rarely
enhance the performance compared to their LLM counterparts.
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