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Abstract. Humans can effortlessly reason about scenes across differ-
ent viewpoints, yet it remains unclear whether Vision–Language Mod-
els (VLMs) possess similar cross-view spatial abilities. Satellite-street
scene pairs, with their complex contexts and extreme viewpoint varia-
tions, provide an ideal testbed. Motivated by this, we introduce CVS-
Bench, a large-scale benchmark for evaluating cross-view spatial rea-
soning through satellite-street pairs. This benchmark supports multi-
ple tasks, including cross-view VQA, cross-view grounding, and view-
point identification. CVSBench comprises 3,297 cross-view image groups
with 9,468 object-level annotations and 40,679 question–answer (QA)
pairs, enabling systematic and controlled evaluation of cross-view spa-
tial reasoning. Extensive evaluations reveal that advanced VLMs strug-
gle to maintain object-level and layout consistency under drastic view-
point changes. To bridge this gap towards human-like spatial cogni-
tion, we investigate two categories of approaches: spatially grounded
reasoning and the incorporation of cognitive map inputs. Our findings
demonstrate that language-only reasoning yields marginal improvements,
while incorporating visual spatial imagination via a 3D scene imagi-
nation pipeline substantially improves cross-view reasoning. These re-
sults highlight the necessity of explicit visual-spatial representations for
robust spatial cognition in VLMs. Our data and code are released at
https://huggingface.co/datasets/zlyzlyzly/CVSBench.
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1 Introduction

Vision-Language Models (VLMs) [4, 5, 11, 20, 52] have been extensively studied
for spatial reasoning recently [9, 10, 35, 65]. However, with the rapid develop-
ment of embodied navigation, autonomous driving, and urban scene perception,
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Multi-view Dreaming

If you are at view 1 and move to view 2, what
is the furthest from you？

How are the sofa and the
armchair in the living room
positioned with respect to
each other?

Static Spatial Reasoning

Dynamic Spatial Reasoning
What steps does this
manipulation
contain?...

Facing forward (the arrow direction), which side of the Street-View
scene contains a tree?

The darker recessed bay visible on the wall surface in Street-View.
Does the Satellite map show a corresponding indentation or
protrusion in the building‘s footprint?
A) Protrusion extending forward B) Indentation in footprint
C) No change (straight wall) D) Curved edge

A) Left side B) Right side C) Both sides D) Neither side

The satellite image shows an arrow pointing to a specific street
view location. Which of the four street view images corresponds to
the direction indicated by the arrow?
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Viewpoint Localization

Cross-view Grounding

Ground2Satellite
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A
On the left of a white industrial building with red brick accents.
Features a small, recessed entrance with a metal door. Flat roof and
minimalist design, typical of utilitarian architecture. The object
appears in the bottom-right region of the satellite image. Provide
the normalized bbox coordinates.

E

Simple static environments

Viewpoint transformations with limited variation

low-complexity indoor
scenes
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Fig. 1: Overview of CVSBench. The left panel reviews representative tasks from
existing spatial benchmarks with several limitations [22,48,64]. The right panel shows
our benchmark specifications, a radar chart of model performance, and core tasks with
sample questions, demonstrating CVSBench’s superiority in task diversity, scale, and
difficulty. The indices (e.g., A–E) after each subtask title indicate the input images. A
red arrow indicates viewing perspective, and blue BBoxes denote the target object.

static spatial understanding is no longer sufficient to meet the demands of these
tasks [13,21,73]. Humans, for instance, can effortlessly imagine what a street-level
scene would look like from an overhead view, or integrate multiple egocentric ob-
servations of object distributions into a coherent map-centric layout [6,43]. Even
across different coordinate systems or viewing perspectives, humans are able to
maintain a consistent internal representation of spatial relationships. Despite the
impressive progress achieved by modern VLMs, they still struggle to imagine a
scene from an alternative viewpoint given a single observation, as well as to
perform reliable cross-view matching of the same objects [16,64].

To overcome this limitation, recent studies begin to explore the capability of
VLMs in understanding dynamic or multi-view scenes [21, 28, 30, 61, 64]. Never-
theless, these efforts still suffer from two major limitations: (1) existing bench-
marks are primarily constructed from indoor objects or simple scenes, limiting
cross-view evaluation in complex real-world environments [3, 21, 65]; and (2)
multi-view settings are often restricted to cameras rotating around an object or
the agent itself, resulting in relatively small viewpoint variations [61,64]. To ad-
dress these challenges, we adopt satellite–street view scenarios [49,53,72], which
naturally exhibit complex urban layouts and large viewpoint discrepancies be-
tween ground-level and overhead observations. As illustrated in Fig. 1, reasoning
in satellite–street view scenarios requires a set of core spatial capabilities, includ-
ing (i) imagining observations from unseen viewpoints given a single-view input
(e.g., whether concave structures on building sides are visible from an overhead
view); (ii) maintaining cross-view consistency (e.g., aligning the same objects
across views); and (iii) inferring camera viewpoints based on visual cues.



CVSBench 3

Based on these requirements, we introduce CVSBench, a large-scale bench-
mark for cross-view spatial reasoning and imagination, comprising the FOV-
subset and CVUSA-subset. To obtain accurate annotations and comprehensive
evaluation tasks, we design a semi-automatic annotation pipeline that labels
cross-view object Bounding Boxes (BBoxes) as well as multi-view alignment re-
lationships. Moreover, we exploit differences in the observation difficulty of the
same object across viewpoints to construct QA pairs that probe the spatial imag-
ination of models under limited views. Using this pipeline, CVSBench comprises
3,297 image groups and supports a diverse set of evaluation tasks, including
cross-view visual question answering (VQA), grounding, and viewpoint identi-
fication. CVSBench enables a systematic evaluation of the spatial cognition in
general-purpose VLMs under cross-view scenarios.

Using CVSBench, we conduct extensive evaluations on a wide range of state-
of-the-art VLMs and find that existing models still exhibit notable limitations
in cross-view scenarios. Inspired by prior work on VLM reasoning and reasoning
with visual representations [28,58,63,68], we raise the following question:

Question. Can VLMs be endowed with stronger cross-view spatial under-
standing abilities by incorporating explicit reasoning strategies or auxiliary
perceptual processes?

To address this question, we first investigate whether training-free chain-
of-thought (CoT) prompting can lead to performance improvements. Building
on this analysis, we further propose two CoT-based strategies. (1) Structured
Scene CoT, which parses the visual input into a structured textual format. This
strategy requires the model to explicitly enumerate object categories and their
spatial distributions within the current view before answering the question. (2)
Spatial Imagination CoT, which simulates the perspective transformation. This
strategy encourages the model to describe the scene composition and layout from
the unavailable target viewpoint through textual inference. After training with
Supervised Fine-Tuning (SFT) and Reinforcement Learning (RL), the overall
gains remain modest, with an average improvement of approximately 1.75%
across categories on the FOV-subset, while the improvement on CVUSA-subset
is only around 0.4%. Current models struggle to reason about and imagine spatial
layouts from alternative viewpoints using textual reasoning alone.

Furthermore, we introduce a 3D scene imagination strategy. Since most ex-
isting general-purpose VLMs lack the capability to generate visual intermediate
representations [9, 10], we employ depth estimation models and image genera-
tion models to synthesize images from 3D viewpoints. These generated images
simulate the depth-centered features and “God’s-eye-view” cognitive map repre-
sentations that humans construct mentally. Empirical evaluations demonstrate
that, on the FOV-subset, incorporating depth-estimated images leads to a 1.23%
improvement, while cognitive map representations yield a 3.34% gain. Our em-
pirical evidence reveals an important finding: compared with purely text-based
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reasoning approaches, visual imagination in VLMs has the potential to bring
substantially greater improvements to cross-view spatial reasoning tasks.

Our main contributions are summarized as follows:

� We are the �rst to integrate the satellite - street view cross-view VQA
task with geo-localization task, enabling a more comprehensive study of the
cross-view spatial reasoning and imagination capabilities of VLMs.

� We propose CVSBench, a large-scale benchmark dataset featuring exten-
sive human annotations and comprehensive QA pairs, enabling systematic
evaluation across multiple cross-view spatial reasoning tasks.

� Through a series of experiments, we demonstrate that the cross-view spatial
understanding of current models is primarily constrained by their inability to
reason about spatial distributions under viewpoint transformation, and that
it can be e�ectively enhanced through visual spatial imagination strategies.

2 Related Work

2.1 Spatial Thinking evaluation benchmarks

The evaluation for spatial intelligence is undergoing a profound transformation
from simple VQA to systematic cognitive assessment, an evolution deeply in-
spired by theories of spatial thinking components in cognitive psychology [6,
23, 27, 43]. Early benchmarks are primarily con�ned to 2D relationship judg-
ments [15, 35] or single-modal geometric attribute perception [3, 10, 40]. To ad-
dress this limitation, the new generation of benchmarks emphasizes cognitive
hierarchy and dynamic interaction: recently proposed SIBench [65] and OmniS-
patial [22] introduce comprehensive classi�cations covering perception, under-
standing, and planning; meanwhile, SPACE [44], systematically examines spa-
tial abilities ranging from navigation to object manipulation. Moreover, VSI-
Bench [61] evaluates spatiotemporal memory via video streams, while MIND-
CUBE [64] further focuses on spatial consistency and mental model construction
under multi-view settings. However, existing benchmarks are largely limited to
indoor environments, lacking urban-scale evaluations for cross-view localization
and logical reasoning between overhead and ground-level perspectives.

2.2 Spatial Understanding and Reasoning in VLMs

While general VLMs have demonstrated remarkable pro�ciency in semantic
understanding and open-ended generation [1, 4, 12, 20, 31, 36, 37, 51], they still
su�er from intrinsic de�ciencies in precise spatial perception due to the lack
of explicit grounding in the physical world, often exhibiting severe �egocentric
bias� or �spatial hallucinations� [9, 14, 17, 33, 50]. To enhance spatial reasoning,
some studies synthesize large-scale perception data [9] or apply Multimodal CoT
mechanisms [41,69]. Other works inject geometric priors by introducing 3D fea-
tures [18, 54] or leveraging visual geometry foundation models [56]. Recently,
human-like mental simulation has been explored for spatial tasks. For instance,
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Fig. 2: Dataset annotation pipeline (Red: ground truth (GT)). VQA: Multi-type
prompts covering diverse question formats and styles. Viewpoint Localization: Red
arrows denote camera poses. Grounding: Red bboxes, arrows, and dots represent ob-
jects, viewpoints, and camera locations.

embodied agents predict physical trajectories [21], and perspective-taking models
use mental imagery for cross-view deduction [28]. Additionally, explicit cognitive
maps are constructed to help reason under limited viewpoints [64]. However, they
currently lack the capacity for �urban-scale� cognition [25,66,71], particularly in
processing cross-view data from satellite and street views, which restricts their
applicability in broader out-door tasks.

2.3 Remote Sensing VQA and Geo-Grounding tasks

In recent years, multi-modal remote sensing research has achieved remarkable
progress in VQA [19, 39] and deep semantic understanding of single-view or
cross-view contexts [32, 42, 59]. Building upon these advances, cross-view geo-
localization has also evolved from basic feature matching toward complex spatial
reasoning that integrates street-view and satellite images [49,53,67,72]. However,
current remote sensing visual question answering and cross-view localization
remain greatly isolated from each other. To bridge this gap, we present the
integration of cross-view localization with VQA, incorporating spatial reasoning
to provide a more comprehensive exploration of geospatial intelligence.
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