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Figure 1. Overview of the Cross-View Relations (XVR). The illustration highlights how multi-view images relate across viewpoints: linking
spatial relations (Correspondence), checking cross-view consistency (Verification), and inferring the camera viewpoint (Localization). All

XVR dataset samples are derived from real images.

Abstract

Vision-language models (VLMs) have achieved impressive
results on single-view vision tasks, but lack the multi-view
spatial reasoning capabilities essential for embodied Al sys-
tems to understand 3D environments and manipulate objects
across different viewpoints. In this work, we introduce Cross-
View Relations (XVR), a large-scale dataset designed to
teach VLMs spatial reasoning across multiple views. XVR
comprises 100K vision-question-answer samples derived
from 18K diverse 3D scenes and 70K robotic manipula-
tion trajectories, spanning three fundamental spatial reason-
ing tasks: Correspondence (matching objects across views),
Verification (validating spatial relationships), and Local-
ization (identifying object positions). VLMs fine-tuned on
XVR achieve substantial improvements on established multi-
view and robotic spatial reasoning benchmarks (MindCube
and RoboSpatial). When integrated as backbones in Vision-
Language-Action models, XVR-trained representations im-
prove success rates on RoboCasa. Our results demonstrate
that explicit training on cross-view spatial relations signif-
icantly enhances multi-view reasoning and transfers effec-
tively to real-world robotic manipulation.
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1. Introduction

Vision-Language Models (VLMs) have demonstrated strong
performance on visual understanding tasks, such as optical
character recognition [12, 27, 30, 36], image captioning [32,
48, 57], and video understanding [3, 14, 59, 67]. Recent
work has extended these capabilities to spatial reasoning [8,
9, 13, 68], enabling models to reason about object locations,
relations, and motion within visual scenes.

However, existing spatial reasoning research has focused
almost exclusively on single-view settings. Most VQA
datasets and spatial reasoning benchmarks [9, 17, 24, 35,
39, 54, 55, 70] provide only a single viewpoint, which suf-
fers from limited spatial information and frequent occlu-
sions. This is particularly problematic given that multi-
camera setups have become standard in robotics appli-
cations [11, 16, 19, 26, 29, 37, 38, 41, 42, 49, 52, 56],
where understanding geometric relationships between view-
points is essential for tasks such as manipulation and nav-
igation. While recent work has introduced multi-view
datasets [18, 65, 66], these focus primarily on identifying
what objects appear in each view, rather than understand-
ing how different viewpoints relate geometrically. With-
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Dataset Split # Imgs / sample Domain # Images # QAs
3DSRBench-real Eval 1.00 General 2.1K 2.1K
All-Angles-Bench Eval 4-5 General 450 2.1K
MMSI-Bench Eval 2.55 General, Robotic 2K 1K
Spatial VLM Train, Eval 1.00 General 10M 2B
RoboSpatial Train, Eval 1.00 General 1M 3M
MindCube Train, Eval 3.37 General 3.2K 21K
MultiSPA Train, Eval 1.85 General 1.1IM 27TM
XVR (Ours) Train, Eval 4.32 General, Robotic 447K 103K

Table 1. Comparison of spatial reasoning datasets. XVR provides the highest mean images per sample among training datasets, with

supervision spanning both general and robotic domains.

out explicit supervision on cross-view spatial relationships,
VLMs often generate predictions that appear visually plau-
sible within individual views but are spatially inconsistent
across viewpoints.

To address this limitation, we introduce Cross-View Re-
lations (XVR), a dataset of 100K multi-view VQA samples
that provides explicit supervision on geometric relationships
across viewpoints. Drawing inspiration from Structure-from-
Motion (SfM) [46, 50], we design three reasoning primi-
tives that capture how views relate geometrically: (i) Cross-
view Correspondence: identifying matching elements across
views, (ii) Geometric Consistency Verification: validating
whether view relationships are geometrically plausible, and
(iii) Relative Viewpoint Localization: reasoning about spatial
relationships between camera perspectives (see Figure 1).

To construct XVR at scale, we leverage two complemen-
tary data sources. Calibrated multi-view captures (the gen-
eral domain) provide dense geometric supervision with accu-
rate camera parameters, enabling precise correspondence and
consistency annotations. Robotic trajectories (the robotic
domain) contribute temporal continuity and diverse view-
point transitions from embodied interactions, enriching the
dataset with dynamic perspective changes. Together, these
sources provide the geometric precision and viewpoint diver-
sity needed for comprehensive cross-view reasoning.

Evaluation across ten VLMs (both open-source [4, 34,
58, 63] and closed-source models [1, 2, 15, 45]) demon-
strates substantial improvements: models trained with XVR
achieve a 1.8x relative gain in accuracy on XVR-Eval (our
internal benchmark) and show consistent improvements on
external benchmarks including MindCube-Tiny [66] and
RoboSpatial-Home [55]. Furthermore, when XVR-trained
VLMs serve as backbones for Vision-Language-Action
(VLA) models, they yield significant gains, improving ma-
nipulation success rates on simulated environments from
RoboCasa [44] by an average of 13% absolute. This demon-
strates that cross-view relation reasoning transfers effectively
to real-world robotic control.
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Our contributions are summarized as follows:

* We introduce XVR, a dataset with explicit supervision on

cross-view relations for multi-view spatial reasoning.
* XVR contains 100K samples spanning two complemen-
tary domains, i.e., general scenes and robotic trajectories,
organized into three task categories (Correspondence, Ver-
ification, and Localization) across eight specific tasks.
We show that training on XVR improves performance on
XVR-Eval, transfers to external multi-view and robotic
spatial benchmarks, and enhances downstream VLA ma-
nipulation performance.

2. Related Work

Single-view Spatial Reasoning Spatial reasoning research
has primarily focused on single-view settings. Early work
established baselines on synthetic scenes [25] and extended
them to real images with relational structure [21]. Subse-
quent studies exposed failures in directional reasoning [35],
distance estimation [54], and frame-of-reference understand-
ing [17, 24]. To address these limitations, recent methods
inject 3D cues through large-scale supervision [9], augment
features with depth and scene structure [13], or simulate
viewpoint changes via abstract 3D proxies [31]. However,
single-view observations provide limited spatial information
and often suffer from occlusions. This motivates multi-view
approaches where cross-view relations become essential.

Multi-view Spatial Reasoning Multi-view settings ad-
dress single-view limitations by leveraging complemen-
tary viewpoints. Prior work transfers knowledge across
views for improved QA [40, 69] and probes viewpoint
robustness through relative direction, distance, and 6D
pose [20, 33, 43]. Recent benchmarks evaluate multi-view
understanding across diverse settings. AllAnglesBench [65]
tests perspective-taking abilities. MindCube [66] assesses
spatial reasoning from limited views. 3DSRBench [39]
probes viewpoint robustness by varying camera poses. These
benchmarks primarily focus on object properties within
views or object-view grounding rather than cross-view rela-



tions. Large-scale datasets with explicit cross-view supervi-
sion remain limited. Recent works have made progress in
multi-frame spatial reasoning: MultiSPA [62] provides large-
scale training data for depth and visual correspondence, and
MMSI-Bench [64] offers a human-curated evaluation bench-
mark for multi-image spatial intelligence. However, these
works either lack explicit supervision on cross-view geomet-
ric relationships or do not cover both general and robotic
domains. XVR addresses this gap by providing dense cross-
view supervision across both domains, with an average of
4.32 images per sample.

Vision-Language-Action Models Recent VLA models
map vision-language inputs directly to actions [5, 6, 28, 47,
53, 71]. To enhance spatial reasoning in VLA backbones,
recent work injects robot-specific spatial signals [18, 55]
and develops trajectory-grounded QA [10, 23, 51]. Methods
like pi0.5 [22] demonstrate improved embodied reasoning
through enhanced VLM backbones. XVR leverages robotic
trajectories to construct datasets with explicit cross-view
relation supervision. VLMs trained with XVR serve as im-
proved backbones for VLA models, enhancing embodied
manipulation performance.

3. Cross-View Relation Dataset

We introduce Cross-View Relation (XVR), a dataset for
learning multi-view spatial reasoning through explicit cross-
view relation supervision.

3.1. Task Categories

Multi-view spatial reasoning requires understanding how
different viewpoints relate to each other geometrically. We
organize XVR into the following three task categories:

Correspondence: Identifying matching elements across
views that represent the same physical entity. Tasks in this
category teach models to link visual features across differ-
ent viewpoints, forming the foundation for understanding
shared scene geometry across views.

Verification: Checking whether multi-view observations
are geometrically or temporally consistent. Tasks in this
category teach models to detect spatial or temporal incon-
sistencies, ensuring their understanding maintains coher-
ence across views.

Localization: Determining relative camera positions and
which viewpoint corresponds to specific spatial conditions.
This category captures how cameras relate to each other
spatially and enables reasoning about relative viewpoints.

Together, these three categories provide structured su-
pervision for learning cross-view relations, enabling ro-
bust multi-view spatial reasoning. We operationalize them
through eight tasks. Figure 2 illustrates the three categories
with representative examples.
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Connection to Structure-from-Motion. Our catego-
rization draws inspiration from Structure-from-Motion
(StM) [46, 50], a classical approach that integrates geometric
information across multiple views to reconstruct 3D scenes.
StM operates through three key stages that directly inspired
our categories: (i) identifying correspondences across views,
(ii) verifying geometric consistency, and (iii) estimating cam-
era poses. We adapt these stages into cross-view supervision
for multi-view spatial reasoning.

3.2. Task Definitions

We instantiate the three categories through eight specific
tasks.

Correspondence. Point Correspondence requires identify-
ing which point across multiple views represents the same
physical location in 3D space. This task evaluates whether
models can match spatially aligned visual features under
viewpoint changes. Directional Correspondence extends
this to 3D orientation, requiring models to align directional
arrows or vectors consistently across different camera projec-
tions. It tests reasoning about directional geometry beyond
simple point matching.

Verification. Spatial Verification requires detecting cor-
respondences that violate 3D spatial consistency among
multiple views. By identifying geometrically inconsistent
matches, this task measures the model’s ability to enforce
spatial coherence across perspectives. Temporal Verification
requires identifying temporally inconsistent frames within
a sequence. It assesses understanding of spatial-temporal
structure by detecting frames that break temporal continuity.

Localization. Viewpoint Localization determines which
camera view corresponds to a specific spatial position in
the scene. This task evaluates whether models can infer
relative viewpoint positions based on visual cues from mul-
tiple reference views. Directional View Localization iden-
tifies which camera view is located in a specific direction
(e.g., left or right) relative to a reference camera. It evalu-
ates directional awareness and relational reasoning between
viewpoints. Cross-Scenario Localization requires match-
ing corresponding viewpoints across structurally similar but
distinct scenes. This task examines the generalization of
viewpoint reasoning under scene-level variations. Language-
Conditioned Localization selects the camera view that best
matches a natural language spatial description. It integrates
linguistic spatial cues (e.g., wrist-mounted camera) with
geometric reasoning to identify corresponding visual per-
spectives.
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Figure 2. Overview of the question—answer (QA) structure in XVR. The figure shows representative examples from eight task types
across correspondence, verification, and localization categories, demonstrating the consistent QA format used throughout the dataset. Each
category is color-coded: red for Correspondence (Point, Directional), green for Verification (Spatial, Temporal), and blue for Localization
(Viewpoint, Directional View, Cross-Scenario, Language-Conditioned).

3.3. Data Generation Pipeline raw multi-view data to concrete question-answer (QA) pairs.
. . . . As formalized in the supplementary material (Eq. 5), our
To instantiate the eight tasks, we develop a unified gener- framework is defined as G : (Z, P, X, T, M) — (Q, A)

a.tlon framework (der}oted as ,g)‘ This framework opera- where inputs comprise images (Z), camera parameters (P),
tionalizes our cross-view relation categories by structuring
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3D geometry (X), temporal indices (7), and metadata (M).
The generation process differs based on data source char-
acteristics. We describe two primary pipelines: the general
domain pipeline, which leverages explicit 3D geometric in-
formation, and the robotic domain pipeline, which utilizes
spatio-temporal metadata from robotic trajectories.

General domain. For tasks leveraging explicit 3D geom-
etry (Point Correspondence, Directional Correspondence,
Spatial Verification, and Viewpoint Localization), we em-
ploy a 3D-to-2D projection approach. We sample 3D prim-
itives—points for correspondence tasks, camera positions
for localization tasks—that are visible across multiple views.
Using camera parameters from P, we project these primi-
tives onto available views and construct reference-target QA
pairs. To create challenging questions, we generate spatially
separated distractors for multiple-choice options, ensuring
models must perform genuine cross-view reasoning rather
than relying on low-level visual cues.

Robotic domain. For tasks utilizing robotic trajectories
(Temporal Verification, Directional View Localization, Cross-
Scenario Localization, and Language-Conditioned Localiza-
tion), we sample from spatio-temporal metadata M and
temporal indices 7. A critical quality control step ensures
generated questions are perceptually meaningful: for Tempo-
ral Verification, we employ SSIM-based filtering [60] com-
bined with action-based heuristics to verify that temporal
differences produce visually distinguishable scene changes.
This filtering prevents trivial questions where images are
perceptually identical despite different timestamps.

All tasks follow a consistent reference-target QA structure
where multiple reference views provide context and models
must identify correct answers through cross-view reasoning.
Complete task formalization is provided in Table 3. Further
details on the generation pipeline are provided in Appendix 9
with an illustration in Figure 6.

3.4. Data Sources and Curation

We construct XVR using the following specific sources.
These sources provide geometric richness from calibrated
multi-view captures and realistic embodied dynamics from
robotic trajectories, forming a balanced foundation for multi-
view spatial reasoning.

General Domain. General domain data provides dense ge-
ometric supervision with accurate camera calibration, essen-
tial for geometry-based task generation. We adopt WildRGB-
D [61] as our primary source, which contains multi-view
RGB-D captures of diverse scenes with calibrated camera
parameters. To ensure reliable geometric grounding and
high-quality QA generation, we retain only samples with

2574

sufficiently dense point clouds (at least 1M points), guaran-
teeing robust 3D-to-2D projection and visibility analysis.

Robotic Domain. Robotic domain data provides temporal
continuity and viewpoint diversity observed during manipu-
lation tasks. We leverage OXE [47] and AgiBot-World [7]
datasets as primary sources. Given the variable quality in
raw robotic data, we apply strict filtering criteria to ensure
task validity: (1) We include only sequences providing at
least three distinct camera views to enable meaningful multi-
view reasoning. Among publicly available datasets within
the OXE suite, only DROID [26], MobileAloha [19], Ro-
boSet [29], and FMB [38] satisfy this requirement. (2) We
exclude sequences with inconsistent or ambiguous camera
identifiers, as these compromise metadata-based localization
task accuracy. (3) We retain only trajectories lasting at least
20 seconds with sufficient motion dynamics, measured by
end-effector displacement, ensuring perceptually meaningful
temporal variations for verification tasks. Further details on
data sources and distribution are provided in Appendix 1.

4. Experiments

We conduct three complementary experiments to thoroughly
evaluate the impact of XVR on multi-view spatial reasoning.
First, we benchmark models on our proposed XVR-Eval
suite (Sec. 4.1). Second, we evaluate models on external
spatial benchmarks (Sec. 4.2). Finally, we examine embod-
ied transfer by integrating XVR-trained backbones into a
Vision-Language-Action (VLA) model (Sec. 4.3).

4.1. Benchmarking on XVR-Eval

Setup. To evaluate cross-view relation reasoning, we con-
struct XVR-Eval, which consists of 1,866 held-out samples
constructed from data sources unseen during XVR creation.
Specifically, we include new sources: MobileAloha trajec-
tories and WildRGB-D boat category scenes in XVR-Eval.
We refer readers to Appendix 12 for statistics of XVR-Eval.

Using XVR-Eval, we test both open-source VLMs,
such as Eagle2-2B [34], Paligemma-3B [4], InternVL-3.5-
4B [58], and Qwen3-VL-Instruct (2B and 4B variants)[63],
and closed models: Claude-4.5-Sonnet[2], GPT-5 [45],
Gemini-2.5-Flash, Gemini-2.5-Pro [15], and Gemini-
Robotics-ER-1.5 [1]. To verify the benefits of our XVR
dataset, we fine-tune Qwen3-VL-Instruct (2B) on our XVR
dataset and denote it as Qwen3-VL-2B-XVR. We also re-
port a human baseline established from nine researchers
with at least four years of higher education, collecting 795
annotations across all tasks.

Main results. Table 2 shows that most open-source mod-
els perform near chance level, while closed-source models
achieve substantially higher performance yet still fall short



Correspondence Verification Localization
. Lo . . . Directional Cross- Language-
Model Point Directional Spatial Temporal Viewpoint . . o Overall
View scenario conditioned

Closed-source Models

Claude-4.5-Sonnet 68.94 24.24 52.65 51.76 23.65 63.35 71.95 57.01 51.18
GPT-5 83.33 32.20 68.56 65.29 38.59 60.63 80.54 67.87 61.74
Gemini-2.5-flash 78.03 31.44 60.61 56.47 14.52 57.47 66.06 56.11 52.36
Gemini-2.5-Pro 74.24 26.14 56.06 50.59 24.48 52.94 60.18 48.42 49.04
Gemini-Robotics-ER-1.5 76.89 22.35 50.00 51.76 6.22 53.85 66.06 56.11 47.48
Open-source Models

Eagle2-2B 20.45 23.86 20.08 31.18 0.41 14.48 27.60 0.00 16.99
paligemma2-3b 2.65 4.55 23.11 35.29 6.64 30.77 11.76 33.48 17.36
InternVL-3.5-4B 34.09 25.00 24.62 49.41 4.15 52.04 37.10 41.18 32.32
Qwen3-VL-2B-Instruct 46.59 26.14 23.11 45.29 19.50 47.06 41.63 51.58 36.82
Qwen3-VL-4B-Instruct 57.95 29.55 48.11 51.76 10.37 53.39 60.63 52.94 45.02
Qwen3-VL-2B-XVR (Ours) 94.32 53.79 84.85 41.18 57.68 68.33 70.14 63.35 68.06
Baseline

Random 20.00 25.00 22.22 33.33 33.33 50.00 33.33 50.00 32.64
Human 92.31 67.11 88.46 77.08 64.94 92.08 87.74 93.48 83.85

Table 2. Performance comparison on XVR-Eval (%). Results include closed-source models, open-source models (zero-shot and + XVR),

and baselines.

of human baselines, indicating significant room for improve-
ment. Our model, Qwen3-VL-2B-XVR, achieves a 1.8 %
improvement over its base model and ranks first among all
evaluated models, surpassing both open-source and closed-
source alternatives. Notably, Qwen3-VL-2B-XVR exceeds
human performance on Point Correspondence, demonstrat-
ing that targeted supervision on cross-view relations can
substantially improve spatial reasoning capabilities.

Task-specific patterns. Our analysis reveals two key find-
ings. First, geometric reasoning tasks benefit substantially
from XVR training. Point Correspondence and Spatial Veri-
fication show dramatic improvements, with Spatial Verifica-
tion surpassing even GPT-5. Localization tasks demonstrate
consistent gains, with Viewpoint Localization approach-
ing human-level performance. These results validate that
cross-view supervision enables models to perform geometric
consistency checking, precise point matching, and camera-
relative reasoning.

Second, Temporal Verification declines after XVR train-
ing, the only task showing this pattern. This reveals a trade-
off: since most XVR tasks emphasize spatial reasoning at
synchronized time points, training biases the model toward
geometric structure at the expense of temporal sensitivity.

Closed-source model analysis. Despite their scale, closed-
source models reveal task-specific limitations. GPT-5 ex-
hibits large within-category variance: it excels at Point Cor-
respondence but struggles with Directional Correspondence,
despite both testing correspondence reasoning. Similarly,
GPT-5 handles Spatial Verification well but fails at View-
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point Localization.

Gemini-Robotics-ER-1.5 achieves the lowest accuracy
among closed-source models. Its Viewpoint Localization
accuracy (6.22%) falls below random guessing (22.22%), in-
dicating minimal camera-relative reasoning capability. Even
robotics-specialized training does not develop view-view
relation reasoning without explicit supervision.

Gemini-2.5-Flash outperforms Gemini-2.5-Pro despite
smaller scale. This shows that model capacity alone does
not improve spatial reasoning. After XVR training, Qwen3-
VL-2B surpasses all closed-source models, demonstrating
that explicit supervision on view relations outweighs scale.

Human baseline comparison. XVR-trained models
achieve super-human performance on Point Correspondence
and Spatial Verification. However, gaps remain on Direc-
tional Correspondence and Temporal Verification, where
human performance exceeds model performance by over 10
and 35 percentage points, respectively. Models excel at pre-
cise geometric calculations while humans handle ambiguous
orientations and temporal dynamics better.

4.2. Evaluation on External Benchmarks

We test on two external benchmarks not used during XVR
creation. MindCube-Tiny [66] evaluates scene imagination
from limited viewpoints through three subtasks: Around (ob-
ject identification under assumed camera motion), Rotation
(spatial understanding from 360-degree viewpoints), and
Among (object localization from alternative camera views).
RoboSpatial-Home [55] evaluates spatial understanding for
robotic manipulation through three subtasks, of which we
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Figure 3. Generalization to external spatial benchmarks (MindCube-Tiny and RoboSpatial-Home). Training on XVR improves Qwen3-VL-
2B across all tasks, with the largest gains in Compatibility (+7.6%) and Among (+7.0%).

evaluate two: Compatibility (spatial fit assessment) and Con-
figuration (object-object spatial relations). We exclude the
Context subtask as all evaluated models score 0. We compare
baseline Qwen3-VL-2B against the XVR-trained variant.

Figure 3 shows that XVR training improves performance
across subtasks in both benchmarks, though improvement
magnitude varies systematically across tasks.

Transfer patterns. Tasks aligned with XVR’s training dis-
tribution show substantial improvements. MindCube Among
requires object localization from alternative camera views,
directly matching XVR’s multi-view training. RoboSpa-
tial Compatibility and Configuration improve despite testing
object-object spatial reasoning, suggesting that cross-view
relation training builds 3D representations that transfer more
broadly.

Tasks requiring camera motion understanding show mini-
mal improvements. MindCube Around and Rotation involve
continuous camera movement patterns absent from XVR’s
training distribution. XVR consists of 50% static multi-view
scenes and 50% robotic trajectories that emphasize static
camera configurations during manipulation. The limited
transfer to motion-based tasks aligns with our temporal rea-
soning limitations on XVR-Eval.

Distribution shift. The improvements occur despite sub-
stantial distribution shifts. MindCube uses outside-looking-
inward camera configurations, absent from XVR training
data which focuses on inside-looking-outward setups. Ro-
boSpatial evaluates single-view spatial reasoning while XVR
trains on multi-view relations. These cross-domain improve-
ments validate that cross-view relation reasoning captures
general spatial principles rather than dataset-specific pat-
terns.

Despite training exclusively on cross-view relation tasks,
XVR-trained models show improvements on object-object
spatial reasoning and partially on object-view reasoning

2576

CoffeePressButton

o] [=]
\= ] =7
Ll o 1o [ 7

PnPCabToCounter

Figure 4. Visualization of the three manipulation tasks and their
camera-view configurations used for VLA transfer evaluation.

across external benchmarks. This demonstrates that cross-
view relation supervision provides a foundation for certain
aspects of broader spatial reasoning, particularly those in-
volving geometric relationships. Detailed task-by-task anal-
ysis is provided in Appendix 13.

4.3. Transfer to Vision-Language-Action Models

To investigate the benefits of XVR on embodied tasks, we
extend VLMs trained on XVR into Vision-Language-Action
(VLA) models. Specifically, we add a diffusion action head



to VLM representations following the architecture design
of GROOT-N1.5 VLA [5]. Using the NVIDIA GROOT-X-
Embodiment-Sim dataset from the RoboCasa simulator [44],
we train VLAS to control a Franka Emika arm performing
various manipulation tasks. We compare a VLA model
based on Qwen3-VL-2B-Instruct against one based on our
VLM, Qwen3-VL-2B-XVR, and report average success rates
across 1,000 rollouts.

We evaluate three manipulation scenarios that require
different forms of cross-view spatial reasoning. CoffeeP-
ressButton involves locating and pressing a small button
that is visible only from the wrist camera due to occlu-
sion, testing precise relative distance estimation under par-
tial observability. TurnOffMicrowave presents the oppo-
site visibility pattern—the control panel is clearly observed
from the left and right cameras but occluded from the wrist
view—requiring spatial disambiguation among multiple sim-
ilar buttons across complementary viewpoints. PnPCabTo-
Counter requires grasping one of 64 randomly selected ob-
ject categories and placing it on the counter, testing general-
izable multi-view pose estimation across diverse objects.

Figure 5 shows that our models consistently improve
manipulation performance across all three tasks, with the
largest gains on TurnOffMicrowave, where cross-view spatial
disambiguation is most critical.

These improvements arise from the specific cross-view
relation capabilities learned during XVR fine-tuning. Cor-
respondence tasks teach point-level alignment across views,
enabling view-consistent 3D representations that support
accurate relative distance estimation. Localization tasks pro-
vide explicit camera-pose understanding, improving the inte-
gration of complementary viewpoints under partial observ-
ability. Verification tasks strengthen geometric consistency
checking across views, supporting robust pose estimation
for diverse object categories. The substantial gains on tasks
requiring partial observability, spatial disambiguation, and
cross-view generalization demonstrate that cross-view re-
lation supervision enhances the geometric understanding
necessary for downstream VLA manipulation.

5. Conclusion

We introduce XVR, a dataset for learning multi-view spa-
tial reasoning from cross-view relations. Unlike existing
multi-view datasets that emphasize objects within individual
views, XVR provides explicit supervision on geometric rela-
tionships between views themselves. XVR comprises 100k
samples from calibrated multi-view captures and robotic
trajectories, organized into three reasoning categories: Cor-
respondence, Verification, and Localization. We also intro-
duce XVR-Eval, a 1,866-sample benchmark for systematic
evaluation. Models trained on XVR demonstrate substantial
improvements on XVR-Eval and consistent gains on exter-
nal multi-view and robotic spatial benchmarks. When inte-
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Figure 5. Transfer to Embodied Tasks: RoboCasa VLA Perfor-
mance. Fine-tuning on XVR improves Qwen3-VL-2B performance
on RoboCasa manipulation tasks, showing effective transfer of spa-
tial reasoning skills to robotic action prediction.

grated into Vision-Language-Action models, XVR-trained
backbones improve manipulation success rates on embodied
tasks. These results demonstrate that explicit supervision on
cross-view relations enhances multi-view spatial reasoning
and transfers effectively to embodied manipulation.

This work enables more robust perception for robotic sys-
tems that rely on multi-camera setups. Beyond robotics, the
approach has broader implications for applications requiring
spatial understanding across multiple viewpoints, including
autonomous navigation and AR/VR systems where main-
taining geometric consistency is essential.

6. Limitation

Our work has two main limitations. First, we observe a
limitation in temporal reasoning. Performance on Temporal
Verification declines after XVR training, and models show
minimal improvements on tasks involving dynamic camera
movements. XVR emphasizes geometric consistency across
static multi-view configurations, which reduces sensitivity
to temporal dynamics. This trade-off improves structural sta-
bility across views at the cost of temporal flexibility. Future
work could extend cross-view relation reasoning to explic-
itly incorporate temporal relationships, enabling models to
understand both static spatial configurations and dynamic
camera movements.

Second, our VLA transfer evaluation is conducted only
in a simulation environment. While simulation provides
controlled conditions for systematic analysis, it cannot fully
capture the complexities of physical execution. Extending
XVR-trained models to real robot platforms would offer a
more comprehensive assessment of how cross-view relation
reasoning transfers to real-world manipulation, and we view
this as an important direction for future work.
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