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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.

Keywords: Cross-view Spatial Reasoning · Vision–Language Models ·
Benchmark Dataset

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,
⋆ Corresponding author
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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.
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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 first 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 effectively 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 confined 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 classifications 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 proficiency in semantic
understanding and open-ended generation [1, 4, 12, 20, 31, 36, 37, 51], they still
suffer from intrinsic deficiencies 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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in the Street-View.
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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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3 Benchmark and Evaluation

We introduce CVSBench, a benchmark for evaluating spatial reasoning across
heterogeneous viewpoints and comprises three task types: cross-view VQA, cross-
view grounding, and viewpoint selection.

3.1 Data Annotation Pipeline

CVSBench is constructed from two cross-view datasets: CVUSA [55] and Uni-
versity1652 [70]. We curate 2,155 satellite–panorama image pairs from CVUSA
(CVUSA-subset) and extract 1,142 satellite-street view image pairs from Univer-
sity1652 (FOV-subset). A semi-automatic annotation pipeline as shown in Fig. 2
organizes the data into three task families with critical human verification.

Cross-View VQA. The VQA task is structured into two inverse modes: Ground-
to-Satellite (G2S) and Satellite-to-Ground (S2G). Structured prompt templates
are constructed and combined with paired images to generate candidate ques-
tions using gemini-2.5-flash [11], covering attributes such as visibility, connec-
tivity, object properties, and spatial relations. Importantly, the two viewpoints
provide asymmetric spatial cues: certain attributes are directly observable and
easily answered in one view, while they become implicit, partially occluded, or
geometrically ambiguous in the other. We leverage this asymmetry to design
both the annotation and evaluation protocol. During annotation, the model has
access to image pairs to ensure semantic correctness and cross-view consistency.
During evaluation, however, it is restricted to a single-view input, requiring the
model to infer the missing spatial information through cross-view geometric rea-
soning rather than direct visual evidence.

Viewpoint Localization. This task is defined only for the FOV-subset. Human
annotators mark 2D directional arrows on satellite images, where the start and
end points represent camera location and viewing orientation. Based on these
geometric priors, two tasks are constructed: (1) View-Arrow, which requires
selecting the correct camera pose arrow in a satellite-view image given a street-
view image; and (2) View-Image, which requires selecting the correct street-view
image given a satellite image with a fixed arrow.

Cross-View Grounding. For the CVUSA-subset, BBox of major objects are first
generated in the satellite view using gemini-2.5-flash [11]. Based on the object
location, a corresponding line-of-sight direction is estimated to search for can-
didate regions in the ground view, forming an initial cross-view correspondence
which is then manually reviewed and corrected. For the FOV-subset, BBoxes
are manually annotated. Evaluation includes two formulations: (1) BBox-to-
BBox : given a BBox in view A, predict the corresponding BBox in view B; (2)
Description-guided grounding : given a textual description from view A and a
coarse region in view B, predict the BBox in view B.
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Fig. 3: Overview of task categories in CVSBench. The left panel shows detailed task
categorization, with counts or proportions indicated in parentheses. The right panel
presents a word cloud of QA composition and the distribution of typical answer cate-
gories.

(a) FOV (Ours) (b) CVUSA (Ours) (d) NLVR2(c) MindCube

Fig. 4: Similarity heatmaps across datasets. Compared with MindCube and NLVR2,
the FOV and CVUSA subsets of CVSBench show lower off-diagonal similarity.

Questions answerable without images are filtered out, and the remaining
instances undergo human verification. The review focuses on cross-view identifi-
ability and consistency, while correcting incorrect answers. To mitigate language
and answer biases in QA generation, we analyze and balance different option
labels. Since evaluation uses single-view settings, the model must reason from
limited-viewpoint information, reducing response bias. Eight professional anno-
tators spend approximately 100 hours on annotation and verification, and about
30% of QA pairs are manually corrected. More details are in the Appendix.

To further analyze the diversity of CVSBench, we compare the image similar-
ity heatmaps shown in Fig. 4. MindCube and NLVR2 exhibit more pronounced
diagonal and block-wise patterns, indicating that cross-view image pairs within
the same group tend to have higher similarity. In contrast, the FOV and CVUSA
subsets of CVSBench show lower off-diagonal similarity, suggesting greater cross-
view diversity and increased task difficulty.
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Table 1: Comparison of CVSBench with existing datasets. The domain categories
include RS, General Domain (Gen), and General Spatial (Gen-S). Hyphens (-) denote
missing values in the training set. TI: Text Instruction, TA: Text Answer, VP: Visual
Prompt. For task capabilities, ✓ indicates support, while ✗ indicates lack thereof.

Category Benchmark Train Test Anno. Format Evaluated Capabilities Query Format Task Capabilities

VQA Grounding Multi-view

RS

RSVQA [39] 715K 428K TI, TA Basic perception & counting Short Answer ✓ ✗ ✗

RSVGD [67] 23K 15.3K TI, BBox Attribute-based grounding Phrases ✗ ✓ ✗

RSIEVAL [19] - 936 TI, TA Scene captioning & reasoning Open-ended ✓ ✗ ✗

LHRS-Bench [42] - 690 TI, TA Multi-dim semantic understanding MCQ ✓ ✗ ✗

VRSBench [32] 85.8K 37.4K TI, TA, BBox OBB grounding & captioning Open-ended ✓ ✓ ✗

Gen

MME [14] - 2.8K TI, TA Perception & cognition T/F ✓ ✗ ✗

MMBench [38] - 3.2K TI, TA Fine-grained logical reasoning MCQ ✓ ✗ ✗

SEED-Bench [29] - 24K TI, TA Hierarchical comprehension MCQ ✓ ✗ ✓

VisIT-Bench [7] - 592 TI, TA Instruction following Open-ended ✓ ✗ ✓

MC-Bench [60] - 1.5K TI, BBox Multi-image grounding Referring ✗ ✓ ✓

Gen-S

VSR [35] 7.6K 3.2K TI, TA 2D spatial relations T/F ✓ ✗ ✗

BLINK [15] - 3.9K TI, TA, VP Depth & correspondence MCQ ✓ ✓ ✓

SpatialRGPT-Bench [10] - 1.4K TI, TA, BBox Metric & multi-hop logic Open / MCQ ✓ ✓ ✗

VSI-Bench [61] - 5K TI, TA Spatiotemporal memory MCQ / Num ✓ ✗ ✓

3DSRBench [40] - 2.7K TI, TA 3D spatial relations MCQ ✓ ✗ ✓

SIBench [65] - 8.8K TI, TA Embodied spatial planning MCQ / Num ✓ ✗ ✓

OmniSpatial [22] 6.9K 1.5K TI, TA Dynamic & geometric logic MCQ / T/F ✓ ✗ ✓

NLVR2 [47] 86.4K 7.0K TI, TA Compositional visual reasoning T/F ✓ ✗ ✓

MINDCUBE [64] 10K 1.5K TI, TA Spatial mental modeling MCQ ✓ ✗ ✓

Ours CVSBench 19.1K 21.2K TI, TA, BBox Spatial reasoning & grounding MCQ / T/F / BBox ✓ ✓ ✓

3.2 CVSBench Benchmark

Building on the annotation pipeline in Section 3.1, we construct CVSBench
for evaluating cross-view spatial reasoning under controlled input protocols. As
shown in Fig. 3, the benchmark integrates the CVUSA-subset and FOV-subset
and contains 3,297 image groups, 9,468 annotated BBoxes, and 40,679 QA pairs,
divided into training and test sets in a 1:1 ratio.

Task Composition. CVSBench comprises several subtask types: Ground-to-Satellite
(G2S), Satellite-to-Ground (S2G), Cross-View Grounding (grounding), and View-
point Localization (View-Arrow, View-Image). G2S and S2G follow a single-view
input protocol, requiring the model to infer spatial attributes of the unseen view.
Both four-choice and binary-choice questions are included. Grounding and view-
point localization assess cross-view entity alignment and camera pose reasoning.

Compared with existing spatial reasoning benchmarks shown in Tab. 1, CVS-
Bench differs in both task design and capability coverage. RS benchmarks focus
on object detection or attribute recognition without cross-view correspondence.
General Domain (Gen) benchmarks emphasize language and logical reasoning
but lack geometric alignment supervision. General spatial (Gen-S) datasets pri-
marily focus on spatial reasoning within a single image (e.g., 2D/3D geometric
relations and depth ordering), or only address basic viewpoint transformation
tasks where the differences across viewpoints are relatively small. In contrast,
CVSBench unifies cross-view VQA, grounding, and viewpoint localization within
a single framework. It provides explicit bounding-box supervision, manually an-
notated camera pose priors, and multi-view symmetry evaluation. As shown
in Tab. 1, CVSBench is among the few benchmarks that simultaneously sup-
port VQA, grounding, and multi-view settings (cross-view localization), and also
demonstrates strong competitiveness in terms of dataset scale.
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Fig. 5: Framework for enhancing spatial reasoning in VLMs. The center shows the
SFT annotation pipeline for textual CoT reasoning, while the right illustrates comple-
mentary visual information generation for explicit spatial imagination.

3.3 Improving Visual Spatial Understanding Abilities

Textual Chain-of-Thought Reasoning Given a pre-trained multimodal large
language model (MLLM), most prior work adopts a two-stage training paradigm
that first performs SFT on annotated CoT data, followed by RL–based opti-
mization. Following this paradigm, we explore two complementary textual CoT
strategies with the goal of enhancing the model’s spatial reasoning capability
and conduct dedicated data annotation, SFT, and RL training for each of them.

Structured CoT. As shown in Fig. 5, we begin by converting visual scenes into
structured textual descriptions to facilitate the extraction of fine-grained spatial
information. In the process of reasoning, the model is encouraged to explicitly
identify and localize objects that are relevant to the final answer. Specifically,
the model first outputs the object categories and their corresponding BBoxes,
and then performs a lightweight reasoning process over the structured scene rep-
resentation to derive the answer. To construct the SFT dataset, we provide the
input image and the corresponding QA pair to Gemini [11], and prompt it to
generate step-by-step structured CoT annotations that include object enumera-
tion, spatial localization, and intermediate reasoning.

Imagination CoT. To better align with the nature of cross-view spatial under-
standing, we further propose a cross-view imagination CoT strategy. This ap-
proach encourages the model to mentally project object layouts observed from
the input viewpoint into an alternative viewpoint and perform reasoning accord-
ingly. During SFT data annotation, Gemini2.5-flash [11] is provided with images
from both viewpoints together with the QA pair, and is instructed to generate
CoT annotations based on the ground-truth object distribution in the target
viewpoint. This supervision enables the model to learn how spatial configura-
tions transform across viewpoints through textual reasoning.

Training with GRPO. Based on the annotated datasets, we employ standard
SFT followed by RL using the Group Relative Policy Optimization (GRPO) [45]
framework. The GRPO objective is defined as:
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JGRPO(θ) = E
[
q ∼ Psft(Q), {oi}Gi=1 ∼ πθold(O | q)

]
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

[
Â∗

i,t − γ DKL(πθ ∥πθref)

]
, (1)

where G denotes the number of sampled output sequences, Â∗
i,t represents the

normalized advantage at token t, and γ controls the strength of KL regulariza-
tion. The KL divergence term is computed as:

DKL[πθ ∥πθref ] =
πθref(oi,t | q, oi,<t)

πθ(oi,t | q, oi,<t)
− log

πθref(oi,t | q, oi,<t)

πθ(oi,t | q, oi,<t)
− 1. (2)

The reward function is computed as a weighted combination of option-matching
accuracy (0.9) and output format compliance (0.1), thereby encouraging the
model to produce accurate predictions through reasoning. Additional implemen-
tation details and reward specifications are provided in the appendix.

Explicit Spatial Imagination Purely textual descriptions and reasoning are
often insufficient to fully represent complex visual scenes. When reasoning about
cross-view scenarios, humans can typically construct an “imagined world” di-
rectly in the mind and answer questions without relying on explicit textual
reasoning [6, 27, 43]. To better simulate this human imagination process, we in-
troduce an image generation model to construct an explicit 3D scene represen-
tation analogous to human mental imagery. We adopt nanobanana [11] which
is capable of understanding complex instruction to generate a 3D-view image
conditioned on the input image. The generated image integrates both side-view
information and top-down perspectives, thereby compensating for the inherent
incompleteness of visual cues in single-view inputs. In addition, we use a depth
estimation model [62] to generate depth maps as the additional input, in order
to investigate whether introducing depth information alone, rather than cross-
view visual information, can yield similar performance gains. Further details are
provided in the Appendix.

4 Experiment

4.1 Experimental Setup

Evaluation Metrics. For multiple-choice tasks, we report accuracy as the pro-
portion of correct answer, while for grounding tasks, we evaluate localization
performance using mean Intersection over Union (mIoU) between predicted and
ground-truth BBoxes; all results are reported as percentages.
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Table 2: Overall comparison on CVSBench. “Acc” means the overall accuracy (%) for
VQA and viewpoint tasks, and mIoU (%) for cross-view grounding.

CVUSA-subset FOV-subset Overall

Method G2S S2G Grounding G2S S2G Grounding View-Arrow View-Image Acc mIoU

human 88.70 87.53 92.30 85.68 87.20 93.33 98.78 98.34 89.52 93.69
Close-source Models
gpt-5-chat [46] 69.70 59.50 10.72 53.50 54.10 13.65 40.10 31.70 53.76 12.30
gpt-4o [20] 51.80 62.10 10.80 36.00 46.80 13.61 30.00 26.60 45.54 12.30
Open-source Models
Deepseekv3.2 [34] 63.39 47.03 3.29 56.69 38.68 10.98 26.13 23.92 44.43 7.39
LLaVA-OV-1.5-4B-Instruct [2] 68.98 60.09 9.61 21.32 41.19 8.56 27.95 24.22 41.51 9.06
Gemma-3-4b-it [24] 71.00 52.88 0.38 40.51 47.99 6.94 30.13 28.68 46.43 3.87
InternVL3.5-4B [52] 58.10 56.00 2.22 34.30 44.80 5.53 39.30 25.70 44.28 3.99
InternVL3.5-8B [52] 65.20 61.90 2.59 52.30 41.50 4.69 40.10 26.80 49.89 3.71
Qwen3-VL-8B-Instruct [4] 69.90 61.90 0.60 24.00 46.70 8.10 42.30 27.50 45.88 4.59
Qwen3-VL-4B-Instruct [4] 67.90 62.40 3.68 26.60 44.20 13.15 40.80 27.10 45.48 8.72
Qwen2.5-VL-3B [5] 44.90 55.20 6.18 19.00 35.80 13.46 30.60 23.60 36.48 10.06
Geochat-7B [26] 60.69 56.12 0.30 56.19 44.44 0.25 25.59 28.68 48.23 0.27
Spatial Reasoning Models
SpaceQwen2.5VL-3B [9] 22.70 40.20 2.22 3.40 29.40 8.50 26.40 26.70 25.45 5.56
SpaceThinker-Qwen2.5VL-3B [9] 21.80 34.10 5.46 19.60 25.30 8.45 32.40 23.40 26.66 7.05
SpatialBot-3B [8] 68.30 59.08 0.00 29.18 42.38 0.02 26.50 28.68 43.35 0.01
ViLaSR-7B [57] 68.20 85.20 1.28 35.14 41.79 12.01 25.41 27.49 44.05 6.39

Training Protocol. To analyze reasoning mechanisms, we use Qwen3-VL-4B [4]
as our base model for controlled training. The training follows two stages: SFT
and RL. Half of the training data is used for SFT with Structured Scene CoT
or Spatial Imagination CoT. The temperature for sampling is set to 0.01. The
left portion of the dataset is used for RL training, with the temperature fixed at
0.7. Learning rate is set to 3e-5 in the SFT stage and 1e-6 in the RL stage.

4.2 Main Benchmark Results

Human Baseline. To calibrate task difficulty, we collect human performance on
the test set. The questions are presented through a unified web-based UI, and
eight persons independently provide answers. We report the aggregated accu-
racy across annotators. As shown in Tab. 2, human performance substantially
exceeds current VLMs, indicating that the benchmark remains solvable while
being challenging for existing models.

Model-Level Comparison. Tab. 2 presents the overall performance on CVSBench.
Closed-source models achieve the strongest results, with gpt-5-chat ranking high-
est. Among open-source systems, InternVL3.5-8B [52] performs best and ap-
proaches closed-source performance on VQA tasks. In contrast, spatial reason-
ing–oriented models (e.g. , SpaceQwen [9] and SpaceThinker [9]) underperform
general-purpose VLMs overall. Although these models are designed to enhance
single-view spatial understanding through stronger geometric and depth-aware
reasoning, such improvements do not directly translate into better cross-view
correspondence. Moreover, their ability to recognize attributes that rely on fine-
grained texture details cues such as facades and materials is relatively weak.
Consequently, these models remain limited in tasks that require maintaining
structural and semantic consistency across multiple viewpoints.
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Table 3: Effect of inference-time CoT prompting on Qwen3-VL-4B [4]. The model is
required to first output reasoning traces before producing the final answer.

CVUSA-subset FOV-subset

CoT G2S S2G Grounding G2S S2G Grounding View-Arrow View-Image

None 67.90 62.40 3.68 26.70 43.90 13.15 40.80 27.10
Inference CoT 69.20 61.70 6.01 35.60 45.30 12.39 21.90 23.60

Table 4: Performance comparison (%) of different training strategies and CoT designs
on G2S and S2G of CVUSA-subset. Top two results are highlighted in green: dark
green for the first and light green for the second. Footprint: Building footprint area;
Connection: Building connection; Distance: Distance to camera; Roof: Roof form.

CVUSA-subset G2S CVUSA-subset S2G

Training CoT Footprint Connection Distance Roof Height Location Vegetation Visibility

None None 62.8 25.0 84.0 63.2 59.5 64.0 77.4 47.9
SFT Structured Scene 63.2 28.1 88.7 50.5 53.3 63.4 74.8 57.5
+ RL Structured Scene 58.6 37.2 87.5 49.2 53.3 65.1 73.1 55.9
SFT Spatial Imagination 64.6 31.3 89.1 46.5 50.3 62.0 73.9 52.4
+ RL Spatial Imagination 63.2 31.2 89.8 62.0 48.7 64.6 74.6 53.3

Task-Level Difficulty. Cross-view VQA tasks (G2S and S2G) exhibit moderate
performance, suggesting that coarse-grained cross-view associations are partially
solvable. In contrast, grounding tasks consistently achieve low IoU scores, indi-
cating insufficient capability in establishing cross-view object correspondence.
This limitation can be attributed to two factors: the lack of training on multi-
image grounding scenarios and the substantial appearance variation of the same
object across different viewpoints. As a result, models struggle to achieve precise
entity-level alignment across views. Furthermore, performance under the FOV-
subset is consistently lower than that on CVUSA-subset, demonstrating that a
restricted field of view and incomplete structural cues further exacerbate the
difficulty of cross-view correspondence.

View Alignment Phenomenon. In the Viewpoint Localization task, arrow selec-
tion is consistently easier than image selection. The former involves matching
multiple arrows in a RS image with a single street-view image, whereas the latter
requires modeling the correspondence between four candidate street-view images
and a single arrow in the RS image. Consequently, image selection demands pro-
cessing a larger amount of visual information to extract feature correspondences.
This performance gap highlights the limitations of VLMs in handling cross-view
visual feature representation and entity-level alignment.

4.3 Textual Reasoning Exploration

We investigate whether modifying textual reasoning improves cross-view spatial
understanding. We prompt the model to reason at inference time without further
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Table 5: Performance comparison (%) of different training strategies and CoT de-
signs on G2S and S2G of FOV-subset. Color: Facade color; Material: Ground material;
Height: Height comparison; Occlusion: Occlusion binary; Position: Relative position.

FOV-subset G2S FOV-subset S2G

Training CoT Facade Roof Symmetry Color Material Height Occlusion Position Vegetation Sector

None None 18.4 9.9 79.8 24.5 41.5 73.6 51.9 56.1 49.0
SFT Structured Scene 41.3 14.8 72.9 32.0 46.2 65.5 48.1 56.1 51.6
+ RL Structured Scene 25.5 11.2 56.0 29.0 45.4 64.2 42.4 58.7 51.7
SFT Spatial Imagination 51.0 14.1 57.1 27.7 43.8 66.7 54.8 55.8 49.5
+ RL Spatial Imagination 43.3 8.4 67.5 27.0 43.9 69.6 42.4 55.9 51.0

Table 6: Performance comparison (%) of different auxiliary views for Qwen3VL-4B
on the FOV-subset G2S and S2G tasks.

FOV-subset G2S FOV-subset S2G

Auxiliary View Facade Roof Symmetry Color Material Height Occlusion Position Vegetation Sector

None 18.4 9.9 79.8 24.5 41.5 73.6 51.9 56.1 49.0
Depth 18.5 10.2 79.8 24.4 42.2 74.3 54.8 56.1 48.8
3D View 17.1 18.7 80.5 36.9 47.0 75.0 51.2 58.3 50.0

training. As shown in Tab. 3, inference-time CoT yields marginal gains in cer-
tain categories, particularly grounding and FOV-subset G2S. Grounding under
CVUSA shows slight improvement, suggesting that reasoning can partially guide
spatial correspondence. However, improvements are inconsistent across different
tasks, indicating that expanding reasoning during inference alone cannot fun-
damentally improve cross-view alignment. We further train and evaluate mod-
els under two supervised reasoning formats: Cross-View Imagination CoT and
Structured Scene CoT, where each format is optimized through SFT followed by
RL. These augmentation strategies are applied only to cross-view VQA tasks,
and not to grounding or viewpoint localization.

Structured CoT. Structured CoT enforces object-centric decomposition by ground-
ing entities before attribute reasoning. As shown in Tab. 4 and Tab. 5, it im-
proves several attributes that require cross-view entity correspondence and spa-
tial alignment. These persistent improvements suggest that grounding-first de-
composition provides a relatively stable reasoning scaffold rather than transient
gains driven by superficial cues. Fig. 6 shows representative cases. For example,
it separates roof regions from facade regions when predicting facade color from
satellite views, and distinguishes perspective effects when comparing building
footprints across views. By disentangling regions before attribute prediction, it
mitigates cross-view attribute confusion and leads to more stable improvements.

Imagination CoT. This paradigm introduces explicit projection from ground
view to a hypothesized satellite representation. On CVUSA-subset, it improves
geometry-sensitive categories such as distance estimation, suggesting better ap-
proximation of latent 3D correspondence. As shown in Fig. 6, imagination-style
projection can correctly reason about footprint span, whereas Structured Scene
CoT remains more susceptible to perspective-induced bias. However, gains on
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Structured Scene Chain-of-

Thought

Cross-View Imagination 

Chain-of-Thought 
Question

Which building has a larger footprint area? 

Building A: the building with a dark roof and multiple 

sections, visible behind the parked cars in the center of 

the panorama.

 Building B: the rectangular building with a light-

colored roof, visible to the right of the parked cars in the 

center-right of the panorama.

A) Building A

B) Building B

C) They are about the same area

D) Neither is clearly identifiable in Satellite

➢ GPT: A

➢ Intern: B

➢ Qwen: B

Step 1: Observations: 

Building A has a dark roof and a multi-sectioned 

structure, occupying a wider horizontal span than 

Building B. ...

Step 2: Cross-view mapping: Footprint comparison 

should rely on visible horizontal extent and structural 

layout.

Step 3: Projection: 

In satellite view, a multi-sectioned layout would yield a 

larger bounding area than a simple rectangle. ...

Step 4: Final reasoning: 

Building A’s wider structural span implies a larger 

footprint. <answer>A</answer>

Step 1:Overview: 

…Building A is a multi-sectioned structure behind the 

cars, while Building B is a single-story rectangular 

building to the right.

Step 2:Key Objects:

Building A: …multi-sectioned, dark roof, partially 

obscured by cars. Building B: …rectangular, light-

colored roof, white siding, prominent on right.

Step 3:Spatial Reasoning: 

Perspective distortion may exaggerate size. Building B 

appears wider and taller than Building A. ...

Step 4:Final Answer: <answer>B</answer>

Structured Scene Chain-of-

Thought

Cross-View Imagination 

Chain-of-Thought 
Question

What is the dominant facade color of the building 

directly in the arrow's path in Street-View?

A) Light (white/cream/light gray)

B) Medium (tan/brown) 

C) Dark (dark gray/black

D) D) Red / brick-like

➢ GPT: A

➢ Intern: A

➢ Qwen: C

Step 1: Observations:

Satellite view shows a dark-roofed building surrounded 

by trees…The building appears dark overall.

Step 2: Cross-view Mapping:

Infer facade color from top-down satellite imagery.

Step 3: Projection:

The dark surface is interpreted as a dark gray/black 

facade. Shadows and lighting may influence appearance.

Step 4: Final Reasoning:

Since the building looks dark from above, the facade is 

inferred as dark.

Final Answer: <answer>C</answer>

Step 1: Overview:

Satellite view showing buildings, trees, and parking 

areas…

Step 2: Key Objects:

Target building: dark roof, but light-colored exterior 

walls. Rectangular footprint, partially surrounded by 

trees.

Step 3: Spatial Reasoning:

Satellite view primarily shows roof, but wall segments 

and facade edges are visible. The walls appear light 

gray or off-white. Roof color should not be confused 

with facade color.

Step 4: Final Answer:

The facade is light in color.<answer>A</answer>

For the main building directly in front of the 

observation point, which overall roof form does it have 

in the Satellite top-down view?

A) Flat roof

B) B) Pitched / sloped roof

C) Mixed roof (flat + pitched sections)

D) Multiple separate roof blocks with different forms

The building has a roof that slopes gently from front to 

back, which is characteristic of a pitched or sloped roof. 

There are no flat sections visible that would suggest a 

mixed roof...The shape is consistent with a single 

pitched roof form. Therefore, the correct answer is 

B.\n\n<answer>B</answer>

To determine the roof form of the main building in 

the satellite top-down view, we need to analyze the 

structure from above. The building in Image 2, which 

is a top-down view, shows a combination of flat and 

pitched sections. The left side of the building appears 

to have a flat roof, while the right side has a sloped 

section. This indicates a mixed roof form.

<answer>C</answer>

To determine the roof form of the main building in a 

satellite top-down view, we need to analyze the 

structure's silhouette and shape. The building in 

Image 1 has a distinct sloping roofline that is visible 

from the street view. This suggests that the roof is not 

flat but rather pitched or sloped. Given the consistent 

slope across the visible portion of the roof, it is 

unlikely to have mixed sections or multiple separate 

roof blocks. Therefore, the most accurate description 

of the roof form in a satellite top-down view would be 

a pitched or sloped roof.<answer>B</answer>"}
Correct Prediction

Incorrect Prediction

Fig. 6: Qualitative examples. Comparison of methods for enhancing VLM spatial
understanding. Green indicates GT or correct prediction. Red indicates incorrect pre-
diction.

appearance-dominant attributes are less consistent across datasets and remain
limited on FOV-subset.

Additionally, on the FOV-subset, performance on certain types drops after
RL compared with SFT. These tasks rely on fine-grained visual cues that are
hard to resolve through textual reasoning alone (e.g., facade color, roof type,
and occlusion depend on boundaries, inclination, and viewpoint projection). As
a result, the model struggles to learn reliable reasoning strategies and devel-
ops preferences for specific answer options during evaluation, leading to reward
hacking.

4.4 Explicit Spatial Representation Exploration

We investigate whether stronger spatial representations at the input level lead
to more stable improvements. We apply 3D-miniature and depth augmentations
only to the FOV-subset because it provides limited visual cues and benefits more
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from additional 3D information, whereas the CVUSA-subset already offers richer
panoramic context and reliable 3D-view generation from panoramic imagery
remains difficult for existing image generation models.

Depth Augmentation. Depth augmentation primarily enriches local geometric
ordering within the same viewpoint. As shown in Tab. 6, by making foreground-
background relations explicit, it mainly improves geometry-sensitive categories
such as occlusion and height in the FOV-subset. However, gains on appearance-
dependent attributes (e.g., facade and material) remain limited, suggesting that
single-view depth cues refine local geometry but do not substantially improve
cross-view structural alignment.

3D Miniature Rendering. In contrast, the 3D miniature view introduces a more
explicit global structural representation. As shown in Tab. 6, it yields broader
gains in facade color recognition, position estimation, and roof-related categories.
Rather than refining local geometry, it provides a compact structural abstraction
closer to satellite perspective, indicating that modeling global structural layout
is more effective for cross-view correspondence than strengthening single-view
geometric detail alone. As shown in Fig. 6, single-view cues may mislead global
roof inference. Depth improves local geometry, whereas the 3D view reveals
global structure, explaining its stronger gains over depth and text-only CoT.
More details are in the Appendix.

5 Conclusion

We present CVSBench, a large-scale benchmark for evaluating cross-view spatial
reasoning and imagination in VLMs under the satellite–street view setting. Our
study shows that current VLMs struggle to maintain consistent spatial repre-
sentations under large viewpoint changes, revealing a limitation beyond static
spatial understanding. Across several reasoning strategies, text-based approaches
offer limited gains, while visual spatial imagination shows greater potential for
enhancing cross-view reasoning. These findings suggest that future VLMs should
move beyond language-only reasoning and incorporate explicit perceptual imag-
ination mechanisms. We hope CVSBench will facilitate further research toward
more robust and human-like spatial cognition in VLMs.
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