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Abstract. Multi-view visual reasoning is essential for intelligent sys-
tems that must understand complex environments from sparse and dis-
crete viewpoints, yet existing research has largely focused on single-image
or temporally dense video settings. In real-world scenarios, reasoning
across views requires integrating partial observations without explicit
guidance, while collecting large-scale multi-view data with accurate ge-
ometric and semantic annotations remains challenging. To address this
gap, we leverage physically grounded simulation to construct diverse,
high-fidelity 3D scenes with precise per-view metadata, enabling scal-
able data generation that remains transferable to real-world settings.
Based on this engine, we introduce VIEW2SPACE, a multi-dimensional
benchmark for sparse multi-view reasoning, together with a scalable,
disjoint training split supporting millions of grounded question—answer
pairs. Using this benchmark, a comprehensive evaluation of state-of-the-
art vision—language and spatial models reveals that multi-view reasoning
remains largely unsolved, with most models performing only marginally
above random guessing. We further investigate whether training can
bridge this gap. Our proposed Grounded Chain-of-Thought with Visual
Evidence substantially improves performance under moderate difficulty,
and generalizes to real-world data, outperforming existing approaches
in cross-dataset evaluation. We further conduct difficulty-aware scaling
analyses across model size, data scale, reasoning depth, and visibility
constraints, indicating that while geometric perception can benefit from
scaling under sufficient visibility, deep compositional reasoning across
sparse views remains a fundamental challenge. Code and benchmark are
available onlindﬂ
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1 Introduction

Visual reasoning in the real world rarely comes from a single glance. When ob-
serving complex environments, humans often draw on information gathered from
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Fig. 1: A single glance is often insufficient for completing real-world tasks. Humans nat-
urally integrate observations across sparse viewpoints to form a shared spatial under-
standing. Given heterogeneous views (e.g., robotic dog and drone), one can efficiently
align what different agents observe and reason across sparse viewpoints.

previous viewpoints or actively seek additional perspectives to support judgment
and decision making. Even though each individual view may reveal only partial
and biased information, people can still infer scene layout, reason about occluded
objects, and understand spatial relationships that are never simultaneously vis-
ible [22,23.5556].

Such multi-view visual reasoning is a foundational capability for intelligent
systems operating in complex environments. It enables spatial understanding
from sparse, discrete viewpoints, whether acquired by a single observer across
locations or collaboratively by multiple observers sharing observations. This set-
ting arises in applications ranging from individual spatial reasoning to collabo-
rative systems such as multi-robot coordination, multi-agent interaction, large-
scale multi-camera environments, and autonomous driving, where effective deci-

sion making relies on integrating partial visual observations
, as illustrated in Figure

Despite recent progress in vision-language models (VLMs)
, robust visual reasoning has yet to be consistently achieved even in single-
image and densely sampled video settings, which have received the most re-
search attention. Multi-view visual reasoning is therefore even less understood,
despite its importance for comprehensive spatial understanding and downstream
tasks (e.g., robotic planning and autonomous driving). A few recent works
(e.g., ) touch on this setting, but they are typically evaluated under non-
sparse or human-centric viewpoints, relatively small-scale scenes, and tasks that
tend to emphasize perception rather than deeper, multi-hop reasoning across
views. We attribute these limitations to both the difficulty of collecting large-
scale real-world multi-view data with accurate per-view annotations and the ten-
dency of existing research to emphasize spatial reconstruction and basic post-hoc
relational queries, rather than deeper, multi-hop reasoning over sparse views.

To meaningfully study sparse multi-view reasoning, it is necessary to estab-
lish a controlled evaluation setting with large-scale, high-fidelity scenes and ob-
jects, together with precise cross-view geometric and semantic metadata. Such
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a setting should enable systematic variation of viewpoint sparsity, reasoning
depth, and task complexity, factors that are difficult to reliably manipulate us-
ing real-world data alone, while still supporting transfer to real-world scenarios.
We therefore adopt physically grounded simulation as a controllable testbed,
designed to minimize the synthetic-to-real gap while preserving geometric and
semantic fidelity. This enables scalable generation of high-quality supervision for
both training and evaluation.

Within this controlled framework, we build a scalable data engine that gener-
ates 3 million QA pairs from 2,000 diverse 3D scenes with precise cross-view geo-
metric and semantic metadata for systematic evaluation and large-scale training.
Based on this engine, we introduce VIEW2SPACE, a multi-dimensional bench-
mark for studying multi-view reasoning under sparse viewpoints.

To assess the current state of multi-view reasoning, we conduct a compre-
hensive evaluation of state-of-the-art vision—language and spatial models. The
results show that multi-view reasoning remains largely unsolved, with most mod-
els performing only marginally above random guessing, even on relatively simple
reasoning questions. This gap motivates an investigation into whether different
training strategies can bridge it, comparing direct-answer, standard CoT, and
our proposed Grounded CoT with Visual Evidence. Training consistently im-
proves performance, and grounded CoT further amplifies these gains, achieving
up to +52% mloU on challenging visual grounding tasks in VIEW2SPACE,
measured on a test set covering varying reasoning difficulty levels. Remarkably,
the resulting trained model also generalizes strongly to real-world data: when
evaluated on the MINDCUBE |[55] without further fine-tuning, it surpasses the
officially released trained models by over 9% accuracy.

While these results suggest that multi-view reasoning can be improved under
training, a deeper analysis reveals that the problem is far from solved. Scaling
across model size, data volume, and task difficulty indicates that although scale
improves perceptual performance under sufficient visibility, it exhibits poor scal-
ing efficiency as reasoning complexity increases, suggesting inherent structural
limitations in current approaches. In summary, our contributions are fourfold:

1. Scalable Data Engine and Benchmark. We introduce a scalable data
engine and VIEW2SPACE, a large-scale benchmark for multi-view spatial
reasoning with diverse 3D scenes, geometrically varied viewpoints, rich meta-
data, graded difficulty, and progressively stricter visual-evidence constraints.

2. Empirical Analysis of Model Behaviour. We provide a systematic em-
pirical analysis of SOTA models on VIEW2SPACE, revealing performance
gaps under increasing evidence constraints, shortcut-based reasoning pat-
terns, and the limitations of explicit thinking in sparse multi-view settings.

3. Visually Grounded Chain-of-Thought Dataset and Method. We
build a step-wise, visually grounded chain-of-thought training dataset and
propose Grounded Chain-of-Thought with Visual Evidence, achieving sig-
nificant gains and strong synthetic-to-real generalization.

4. Scaling Analysis of Multi-View Reasoning. We reveal, through con-
trolled scaling analysis, persistent limitations in deep multi-view reasoning
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despite increased data and model capacity, suggesting the need for more
compositional visual reasoning approaches.

2 Literature Review

Recent VLMs such as InternVL [10], Molmo [14], Qwen3VL |1], and GPTs [47]
have shown promising spatial reasoning abilities through large-scale training.
However, their evaluation settings are largely limited to single images, unrelated
image collections, or temporally continuous videos, and rarely cover the common
scenario of reasoning over sparse, discrete viewpoints of the same scene. Simi-
larly, spatially focused or robotic models (e.g., RoboBrain [27,/49], OpenView |[5],
SpatialMLLM [52]) aim to enhance spatial understanding, but are typically con-
strained to single-view inputs or rely on explicit spatial supervision.

Existing spatial reasoning benchmarks [617,[18}|33}41}45}/46./48l[53L|58] pre-
dominantly focus on single-view or temporally dense video settings. Only a few
recent works [15,[55] explore multi-view scenarios. However, these settings are
generally not sparse, often adopt human-centric viewpoints, and primarily em-
phasize perceptual or low-hop reasoning. Moreover, systematic investigation of
model shortcut behaviors or guessability under varying evidence constraints re-
mains limited. In contrast, real-world spatial reasoning requires inferring cross-
view relationships directly from visual observations across sparse and hetero-
geneous viewpoints beyond fixed human perspectives, often involving compo-
sitional and multi-hop inference. Our work targets this underexplored regime
and shows that although perceptual-level multi-view reasoning can be learned
with sufficient data, deeper reasoning across discrete and diverse viewpoints re-
mains challenging (Sec. . Detailed benchmark comparisons are provided in the
appendix.

Recent studies have explored incorporating explicit 3D information into LLMs
and VLMs to enhance spatial reasoning. One line of work directly introduces
structured 3D inputs, such as point clouds |7}24] and depth maps [59], by project-
ing 3D geometric features into a shared vision-language embedding space [8,38].
Building on this paradigm, methods such as 3D-R1 [25] and SpatialThinker [3]
further employ explicit chain-of-thought supervision and reinforcement learning
with spatial rewards to improve multi-step 3D reasoning, often coupled with
view selection or scene graph representations.

However, many of these methods [37,/24,125}/59] either rely on input modali-
ties beyond RGB that are uncommon in everyday settings, or primarily focus on
3D reconstruction rather than semantic understanding. As a result, their appli-
cability to semantic tasks such as visual question answering or visual grounding
under realistic RGB-only conditions remains limited. In contrast, we focus on
multi-view spatial reasoning directly from readily available RGB observations.

3 Multi-view Data Engine

Our multi-view data engine is designed to produce high-fidelity, physically grounded
3D scenes with precise and verifiable cross-view annotations. It constructs diverse
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Fig. 2: Overview of the multi-view data engine. Stage 1: Assets are collected, catego-
rized, and size-normalized, and annotated using OSD-Tag with verification. Stage 2:
Given theme configurations defining asset categories and spatial relations, scenes are
synthesized by sampling layouts under compositional constraints. Stage 3: Multi-view
images are rendered together with physics-based metadata. Stage 4: Spatial relations
are selected to automatically generate grounded question-answer pairs.

environments from over 1,000 high-quality photorealistic assets with multi-level
semantic labels, supporting flexible composition across more than 40 everyday
themes. Built on a physically grounded 3D engine |13], it enables scalable scene
generation with geometry-consistent supervision across views. In the following,
we describe the overall design and generation pipeline (Figure .

3D Asset Library and Automatic Annotation Pipeline. To ensure
high realism and physical fidelity, we manually curate a large collection of 3D
assets, prioritizing high-quality, scan-based objects that closely reflect real-world
geometry and appearance. Assets expected to co-occur within the same scene
theme are organized into category-level clusters to maintain semantic coherence
during scene composition and annotation. To guarantee metric accuracy and
spatial validity, asset scales are normalized to real-world proportions. This cali-
bration integrates prior knowledge from LLMs with manual verification, ensuring
object dimensions remain physically consistent. All assets are further assigned
semantic categories based on functional role and appearance, forming the foun-
dation for structured scene generation and hierarchical annotation.

Overview-driven Semantic Differentiation and Tagging (OSD-Tag).
Given the need for a scalable and largely automated yet reliable annotation
pipeline, we introduce Overview-driven Semantic Differentiation and Tagging.
Using aggregated asset previews within each category as an overview, OSD-Tag
leverages a VLM (i.e., GPT-40 [26]) to identify key visual and functional dif-
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ferences and construct a hierarchical semantic tag library. These tags are then
automatically assigned to each asset, followed by manual verification to ensure
correctness. The resulting hierarchical annotations support controlled scene com-
position, question generation, and diagnostic analysis. Implementation details
are provided in the appendix.

Thematic Scene Design and Layout Generation. To ensure realistic
scene composition while maintaining layout diversity, each scene theme is man-
ually designed with explicit semantic and spatial constraints. Designers define
theme-level configurations that govern object categories, placements, and inter-
category relationships, enabling coherent yet varied scene generation. These con-
straints are encoded in theme-specific configuration files and used to sample
valid layouts with controlled randomness. Scene generation is implemented in
Blender [13|, enabling precise geometric control and adjustable density, thereby
producing diverse but structurally consistent scenes within each theme.

Multi-View Rendering and Metadata Extraction. To support the di-
verse requirements of benchmarking, diagnostic analysis, and model training, we
design a set of four canonical viewpoint configurations for multi-view rendering,
including drone views, bird-eye views, human-like egocentric views, and fixed
surveillance camera views. Within each viewpoint category, users can flexibly
control camera placement and orientation (e.g., viewing the scene from the cen-
ter or from peripheral locations, and from different azimuthal directions), as well
as camera coverage and optics, such as the proportion of the scene captured and
the use of wide-angle versus narrow field-of-view settings. These viewpoints cap-
ture scenes from complementary perspectives and introduce systematic variation
in viewpoint geometry and visibility.

Using the underlying physics and rendering engines, the system automati-
cally computes rich view-dependent metadata, including object bounding boxes,
occlusion ratios, and camera-relative visibility statistics (see figure in the ap-
pendix). We further record precise geometric information for each object, such
as 3D pose, orientation, and spatial relationships, which are stored alongside
rendered images. This comprehensive metadata enables fine-grained evaluation,
controlled diagnostic studies, and the generation of structured supervision for
multi-view visual reasoning.

Grounded Multi-View Question and Supervision Generation. We
construct question templates spanning multiple reasoning difficulty levels to pro-
mote diversity while maintaining answer reliability. Answers are then determinis-
tically derived through rule-based mapping from scene geometry, avoiding heuris-
tic or generative inference. Using controllable 3D scenes and engine-provided
ground-truth metadata, including object identities, 3D poses, camera parame-
ters, view-dependent bounding boxes, and occlusion statistics, we compute spa-
tial relations in both object-centric and camera-centric coordinate frames. This
process produces strictly grounded multi-view question—answer pairs and struc-
tured supervision such as instance-level grounding, explicit inter-view relations,
and geometry-derived reasoning traces. Additional implementation details are
provided in the appendix.
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Fig. 3: Overview of VIEW2SPACE task design. VIEW2SPACE comprises three task
types: MCQ, counting, and visual grounding detection. Reasoning difficulty ranges
from one-hop perceptual queries to multi-hop cross-view spatial reasoning.

4 VIEW2SPACE Benchmark and Evaluation

VIEW2SPACE is designed to study multi-view spatial reasoning under sparse
and geometrically diverse viewpoints, where no single view is sufficient to resolve
the query. Beyond simply providing multiple images, the benchmark covers a
graded spectrum of reasoning difficulty, from basic cross-view alignment to high-
dimensional, multi-hop compositional reasoning, and includes task formats with
increasingly strict visual-evidence constraints (MCQ, counting, and detection).

Empirically, most models perform only marginally above random guessing
even on multiple-choice questions, which are the most permissive and tolerant
to informed guessing. When explicit visual grounding is required, performance
drops further, with detection tasks yielding near-zero results. This pattern indi-
cates that current models struggle to integrate information across sparse view-
points and fail under stricter grounding constraints.

4.1 VIEW2SPACE Benchmark

Overview We introduce VIEW2SPACE, a benchmark for evaluating multi-
view spatial reasoning under sparse viewpoints. The benchmark tests whether
models can integrate incomplete cross-view observations into a coherent spatial
representation as shown in Figure[3] VIEW2SPACE comprises groups of images
capturing the same static scene from different viewpoints, paired with reasoning
questions whose answers require cross-view inference. In contrast to prior bench-
marks , which either focus on single-image understanding or
continuous video streams, or involve human-centric viewpoints with limited lay-
out diversity and predominantly low-hop perceptual queries, VIEW2SPACE is
designed to evaluate deep compositional reasoning across sparse and geometri-
cally diverse viewpoints.
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Task Types and Evaluation Metric. To our knowledge, VIEW2SPACE
is the first benchmark that systematically spans tasks from highly permissive an-
swer spaces to strictly constrained grounding-based detection. It includes three
task types: multiple-choice questioning (MCQ), counting, and visual grounding
detection, that progressively restrict the feasible answer space and reduce the
likelihood of correct predictions obtained through guessing or unsupported rea-
soning. Rather than differing only in output structure, these tasks reflect increas-
ing resistance to correct answers obtained through linguistic bias or hallucinated
reasoning. MCQ is the most permissive, allowing correctness via partial evidence
or informed guessing, and is evaluated using accuracy (ACC). Counting requires
preliminary grounding of relevant instances before aggregation, narrowing plau-
sible guesses, and is evaluated using ACC and mean absolute error (MAE).
Visual grounding detection is the most restrictive, demanding explicit localiza-
tion of target objects and is evaluated using mloU and Fl-score (IoU > 50%),
making unsupported yet correct answers least likely.

Reasoning Difficulty. Within each task type, questions are organized along
a graded reasoning difficulty spectrum, ranging from basic perceptual alignment
across views to compositional, multi-hop spatial reasoning. Difficulty is defined
by the minimal number of relational hops required in a per-view object—relation
graph, where objects are nodes and spatial relations are edges. A single percep-
tual grounding step counts as one hop, and complexity further increases with the
logarithm of the number of key objects involved. Detailed reasoning difficulty
settings are provided in the Appendix.

Object Visibility Difficulty. We define it based on the proportion of an
object’s projected area on the image plane that is not directly visible to the
camera. Using the underlying Blender rendering engine, we perform ray casting
from object surface points toward the camera to determine whether each point
is directly observable. The fraction of rays that fail to reach the camera due to
occlusion is taken as the visibility difficulty score. For each task, we define key-
object visibility difficulty as the average visibility difficulty of all task-relevant
objects aggregated across views.

Viewpoint Configurations. VIEW2SPACE systematically varies viewpoint
pairings to probe spatial reasoning under heterogeneous perspectives, as shown in
the Different Viewpoints block in Figure[2] These pairings include combinations
of human-like egocentric views, drone views, bird’s-eye views, and fixed surveil-
lance camera views. By combining viewpoints with distinct geometric properties,
the benchmark creates controlled variations in viewpoint geometry and visibility,
enabling evaluation of reasoning under diverse cross-view conditions.

Statistics of VIEW2SPACE. We introduce VIEW2SPACE-v1, a curated
evaluation split comprising 3,591 questions (1,400 MCQ), 591 Counting, and 1,600
Detection), with balanced answer distributions across 40 themes and 1,096 pri-
mary 3D assets spanning graded difficulty levels. As sparse multi-view reason-
ing is already challenging for current VLMSs, even lower-difficulty cases remain
non-trivial; thus, we maintain a graded distribution rather than concentrat-
ing on extreme difficulty. Although VIEW2SPACE scales to 3 million sam-
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Table 1: Comparison on VIEW2SPACE-v1

Method Multiple Choice Answering Visual Counting Visual Grounding
ACC (%) MAE ACC (%) mloU (%) Fl-score (%)
Baseline
Random (chance) 28.59 11.37 3.39 0.22 0.0
Random (frequency) 28.59 2.46 13.05 2.01 0.27
Open-source MLLMs
Internvl2.5-8B 30.93 2.04 22.50 0.79 0.0
Mantis-8B (SigLip) 30.07 2.94 17.60 1.24 0.23
DeepSeek-VL2-S; 40| 29.43 2.20 24.37 2.86 0.19
Gemma-3-12B-i 31.14 2.08 24.53 2.49 0.24
Idefics2-8B ! 26.64 3.92 11.34 0.39 0.0
Qwen2.5-VL-7B 30.29 2.70 13.03 2.68 0.32
Qwen3-VL-2B 31.43 2.63 16.34 11.20 5.07
Qwen3-VL-4B |1] 35.19 2.26 21.15 16.53 18.72
Qwen3-VL-8B |1 37.41 2.10 24.92 10.05 7.37
Open-source Spatial Models
Molmo2-4B 31.36 221 22.17 1.17 0.13
Molmo2-8B 34.57 5.93 21.66 1.51 0.0
RoBobrain2. 30.79 2.22 21.49 0.0 0.0
)\ 27.93 2.10 9.98 0.0 0.0
Openview 30.72 2.57 19.80 1.08 0.30
MINDCUBE-Aug 29.00 4.52 18.10 0.0 0.0
MINDCUBE-Plain% 30.21 4.77 19.12 0.12 0.0
Closed-source MLLMs
33.93 1.51 29.03 3.60 0.56
33.36 1.73 24.28 2.89 0.87
49.00 1.20 38.71 7.42 2.77
59.86 1.31 38.10 8.18 3.43
37.07 1.28 36.50 8.74 2.84
Fine-tuned Models (Qwen3VL-4B)
Ours (Instruct-tuning) 36.50 0.71 50.08 47.58 50.07
Ours (Grounded CoT, Direct Answer at Test) 33.95 10.75 29.10 16.35 11.50
Ours (CoT) 59.57 0.68 51.43 49.77 52.34
Ours (Grounded CoT) 64.93 0.58 54.99 69.34 70.92
/ A(%) t / 8.47 ! / 51.67 1 / 42.06|1 / 319.48 1 / 278.85

ples, large-scale evaluation, particularly on closed-source models, incurs sub-
stantial computational and API costs. To balance evaluation cost (approximately
$100 per closed-source model) and reproducibility, we benchmark the 3k-sample
VIEW2SPACE-v1 in this work. Detailed statistics are provided in the Appendix.
A Scalable Training Split for VIEW2SPACE. We construct a scalable
training dataset with a size of 300K with scenes disjoint from the evaluation split,
supporting expansion to millions of question—answer pairs. Each instance is de-
rived from engine-level geometric and physical ground truth, including bounding
boxes, occlusion ratios, and precise cross-view spatial relations. Via a symbolic
pipeline, we generate deterministic, visually grounded chain-of-thought supervi-
sion with verifiable intermediate steps, eliminating the stochastic noise and in-
consistency of MLLMs generated reasoning traces and yielding clean, geometry-
consistent training signals. Additional details are provided in the appendix.

4.2 Evaluation on VIEW2SPACE

We evaluate models on VIEW2SPACE-v1, a difficulty-balanced split with a
relatively higher proportion of lower-difficulty cases. Since sparse multi-view rea-
soning remains underexplored and most models struggle even on basic multi-view
and grounding tasks, this design avoids over-concentrating evaluation on only the
hardest instances. The evaluated models include open-source MLLMs @

132,/40,/50], specialized spatial reasoning models with explicit fine-
tuning on spatial reasoning dataset, as well as closed-source MLLMs [26l/43]/47].
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An overview of all evaluated models is provided in Table [Il As reference, we
include two baselines: Random (chance), which samples uniformly, and Random
(frequency), which follows the empirical answer distribution, estimating lower-
bound performance under different prior knowledge assumptions.

Performance Across Tasks with Shrinking Answer Space. To our
knowledge, VIEW2SPACE is the first benchmark that spans tasks ranging from
those more tolerant to hallucinated reasoning to those least tolerant, progres-
sively enforcing stricter visual-evidence constraints and tighter solution spaces.

Model performance consistently declines as visual-evidence constraints tighten,
closely tracking the reduction in answer space from left to right in Table[I] Under
strict grounding constraints, most models perform near random baselines, indi-
cating limited grounding capability and reflecting the current capability profile
of VLMs, which remain stronger in text-centric generation and selection than in
precise localization. Importantly, this does not imply that grounding is unattain-
able. Recent efforts increasingly incorporate grounding-oriented training into
VLMs (i.e., |1}912]). Notably, Qwen3VL [1| performs measurably above baseline
despite low absolute accuracy; consistent with its reported grounding-focused
training, this suggests that grounding robustness is achievable with explicit su-
pervision. The GPTs [26,/43]/47] likewise show steady improvements in grounding
performance across versions, aligning with their reported enhancements. In con-
trast, although Molmo2 [12] also emphasizes grounding, its performance remains
limited under sparse multi-view constraints, indicating that grounding learned
in conventional settings may not readily transfer to multi-view reasoning.

Comparative Performance of State-of-the-Art Models. Table[I]shows
that most models retain substantial headroom even on the most hallucination-
tolerant MCQ tasks. We do not interpret this as an inability to perform multi-
view reasoning per se, but rather as a limited transfer of spatial skills learned in
conventional settings to sparse multi-view scenarios without dedicated training.

Closed-source GPTs [26,/47] exhibit relatively stable performance; for in-
stance, GPT-5 47| achieves 59.86% accuracy on MCQ. This may relate to larger
model scale and exposure to diverse perceptual and reasoning data, potentially
including 3D-derived or perception-heavy VQA-style supervision. Interestingly,
GPT-5.2 [43] does not outperform GPT-5 [47] or GPT-5-mini, and performs
closer to GPT-40 [26] on MCQ. While GPT-5.2 [43] reports improvements in
grounding and an increased emphasis on coding, these enhancements do not
translate into clear gains in our multi-view setting, suggesting that fine-tuning
objectives may not strongly target sparse multi-view spatial alignment.

Open-source spatial models do not show consistent advantages over gen-
eral open-source MLLMs, and generally underperform the Qwen3-VL series |[1]
as shown in Table [T} This suggests that spatial capabilities developed through
robotic spatial training or static single-view supervision may have limited trans-
fer to discrete multi-view reasoning. While single-view spatial understanding re-
mains fundamental, multi-view reasoning additionally requires cross-view align-
ment and geometric calibration, which likely accounts for the observed gap.
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Finally, as reasoning difficulty progressively increases within the dataset, overall
performance trends also reflect the structured escalation of task complexity.

Thinking vs. Non-Thinking Inference. In the main experiments, mod-
els were prompted without restricting reasoning style. We additionally compare
thinking (CoT) and direct-answer inference for open-source MLLMs (Appendix).
As grounding performance is near zero for most of these models, we focus on
counting and MCQ tasks. Explicit thinking does not improve performance and
may degrade accuracy. Manual inspection suggests that in sparse multi-view set-
tings, direct answers may exploit shortcut cues. In contrast, enforced thinking
often produces repetitive or weakly grounded reasoning, extending the reasoning
trace without effectively integrating cross-view evidence and ultimately leading
to incorrect conclusions. This indicates that explicit reasoning without sufficient
multi-view training may introduce instability rather than gains.

These findings raise a central question: can sufficient data and appro-
priate training enable models to acquire spatial reasoning for sparse
multi-view settings? We investigate this by training on VIEW2SPACE.

5 From Data to Multi-View Reasoning: What Can
Training Achieve?

In this section, we investigate how different training strategies affect multi-view
visual reasoning. We compare standard instruction tuning, language-only chain-
of-thought training, and our proposed Grounded Chain-of-Thought with Visual
Evidence to understand the role of explicit visual grounding. We further examine
synthetic-to-real generalization and analyze how performance scales with model
size, data volume, reasoning difficulty, and visibility constraints. Together, these
experiments aim to clarify what training can and cannot achieve for sparse multi-
view reasoning.

5.1 Supervised Fine-Tuning for Multi-View Reasoning

In this subsection, we study how supervised fine-tuning enables multi-view visual
reasoning, examining its effectiveness under different supervision strategies.

Training Setup. We adopt Qwen3-VL-4B-Instruct [1] as the base model and
perform full-parameter supervised fine-tuning under three strategies: instruction
tuning, standard CoT, and our proposed grounded CoT with visual evidence.
Training samples at the 300K scale are generated by our data engine. Additional
implementation details are provided in the appendix.

Limited Gains from Instruction Tuning. We evaluate the effectiveness
of monolithic instruction tuning for multi-view visual reasoning as shown in
Table [I} While instruction tuning consistently outperforms random guessing on
VIEW2SPACE-v1, the overall gains remain limited. In particular, performance
on MCQ tasks (36.50% ACC) falls well below that of GPT-5 [47] (59.86% ACC),
indicating that instruction tuning alone is insufficient for learning deeper cross-
view reasoning patterns.
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Instruction tuning yields relatively stronger improvements on counting and
visual grounding tasks, where supervision is directly anchored to visual evidence.
Consistent with our analysis in Sec. [f.2] we attribute this to task familiarity:
these tasks align more closely with the types of visually grounded supervision
that the community has increasingly emphasized, and instruction tuning pro-
vides missing multi-view training signals that help models develop initial com-
petence in this unfamiliar setting. These results suggest that instruction tuning
alone is insufficient for learning structured cross-view relational reasoning, mo-
tivating the exploration of more explicitly grounded training strategies in the
following subsection.

CoT Improves MCQ but Not Grounding-Intensive Tasks. As shown
in Table [T} standard CoT reasoning yields substantial improvements on MCQ
tasks, increasing accuracy from 36.50% under instruction tuning to 59.57%, ap-
proaching the performance of GPT-5 |[47] on the same setting. However, com-
pared to instruction tuning, improvements on counting and visual grounding
tasks remain limited, despite their stronger reliance on localization ability. This
suggests that language-driven reasoning alone may not sufficiently compensate
for missing visual grounding capability, indicating a bottleneck when grounding
is required.

Grounded Chain-of-Thought Enables Broad Improvements. Beyond
standard instruction tuning, we propose a grounded CoT training strategy that
explicitly ties intermediate reasoning steps to visual evidence (explicitly output
key object bounding box in the corresponding view). Instead of relying on free-
form textual reasoning, the model is encouraged to reference visually grounded
entities and spatial relations when forming intermediate conclusions.

This design reduces ungrounded linguistic reasoning and promotes reasoning
anchored in observable visual cues across multiple views. Empirically, grounded
CoT leads to consistent and substantial improvements across tasks. On MCQ,
it achieves over 77% relative accuracy improvement compared to standard in-
struction tuning. More notably, on hallucination-sensitive visual grounding tasks,
grounded CoT yields over 300% relative improvement in detection mIoU, indi-
cating significantly stronger evidence-grounded reasoning. These results demon-
strate that explicitly grounding intermediate reasoning steps in visual evidence
is critical for robust multi-view reasoning beyond surface-level pattern matching.

These results suggest that explicitly incorporating visual evidence into inter-
mediate reasoning steps is essential for robust multi-view reasoning, especially in
settings where correct answers cannot be obtained through linguistic shortcuts.

5.2 Synthetic-to-Real Generalization

Beyond in-domain evaluation, we assess transfer to real-world data. We evaluate
on MindCube-Tiny [55], a real-world multi-view dataset, following the official
evaluation protocol. Compared to our benchmark, MindCube frequently encodes
inter-view relations through language descriptions, employs a relatively limited
set of viewpoint configurations, and involves simpler object-relation structures.
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Table 2: Comparison on MINDCUBE-Tiny. The second column indicates whether
models are fine-tuned on MINDCUBE (w Tuning vs. w/o Tuning).

Method Tuning on MINDCUBE Overall Rotation Among Around
Baseline

Random (chance) - 32.35 36.36  32.29 30.66
Random (frequency) - 33.02 38.30 32.66 35.79
Open-source MLLMs

Internvl2.5-8B |9 w/o0 Tuning 18.68 36.45 47.11 26.91
Molmo2-4B [12] w/o Tuning 37.33 36.00 38.83 35.75
Molmo2-8B |12] w/o Tuning 34.33 27.50  36.50 34.50
Mantis-8B (SigLip) w/o Tuning 41.05 37.65  40.23  50.99
DeepSeek-VL2-Small w/o Tuning 47.62 37.00 50.38 26.91
Gemma-3-12B-it w/o Tuning 46.67 38.39  48.38 34.63
Idefics2-8B w/o Tuning 35.86 35.15 3594 3549
Qwen2.5-VL-7B [2| w/o Tuning 29.26 38.76  29.50 21.35
Qwen3-VL-2B |1] w/o Tuning 32.58 26.50 36.33  30.00
Qwen3-VL-4B |1] w/o Tuning 36.67 41.50  34.67 37.25
Qwen3-VL-8B |1] w/o Tuning 37.42 46.00  35.83  35.50
RoBobrain |27 w/o Tuning 37.38 35.80 3828 29.53
Spatial-MLLM |52 w/o Tuning 32.06 38.39 20.92 32.82
Openview |5] w/o Tuning 40.08 24.50  45.50 39.75
Closed-source MLLMs

Claude-4-Sonnet w/o Tuning 44.75 48.42 4421 47.62
GPT-40 w/o Tuning 38.81 32.65 40.17 29.16
GPT-5-nano w/o Tuning 38.58 44.00  38.67 35.75
GPT-5-mini w/o Tuning 46.64 89.00  44.67 51.75
MINDCUBE-Checkpoints

MINDCUBE-Aug 55| w Tuning 55.24 49.50  52.50 66.40

MINDCUBE-Plain |55| w Tuning 60.76 47.50  62.33  67.60

VIEW2SPACE-Trained Models

Ours 2B (Grounded-CoT) w/o Tuning 59.92 49.00  56.50 70.50

Ours 4B (Grounded-CoT) w/o Tuning 70.00 71.50  66.33  74.75
/ A(%) + / 15.21

Moreover, it contains only MCQ without grounding-based evaluation. Results
are shown in Table 21

To assess cross-domain generalization, we compare models trained solely on
VIEW2SPACE with models fine-tuned directly on the MindCube training set.
Despite not being trained on any MindCube data, VIEW2SPACE-trained models
outperform the official MindCube checkpoints by 9.24% absolute accuracy and
15.21% relative gain. These results demonstrate that the supervision provided
by VIEW2SPACE generalizes effectively across domains, even when transferring
from synthetic sparse-view settings to real-world data.

5.3 Limits of Scaling in Multi-View Reasoning

Despite strong overall performance and encouraging synthetic-to-real transfer,
multi-view reasoning remains far from solved. VIEW2SPACE-v1 spans a range
of difficulty from perceptual alignment to multi-hop reasoning; given the novelty
of sparse multi-view tasks, a substantial portion remains perceptual or low-hop.
As a result, aggregate metrics average across difficulty levels and can obscure
model performance on genuinely complex cases. To probe the limits of training
and assess the effects of dataset and model scale on multi-view reasoning, we
conduct controlled experiments on a balanced 3K-sample analysis set. We fine-
tune Qwen3-VL-2B/4B [1] with increasing training data (1K-300K) and evaluate
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(a) 2B Model: Performance vs Reasoning Difficulty (by Data Size) (b) 4B Model: Per vs i iffi {(by Data Size)
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Fig. 4: Scaling Behaviour across Reasoning and Key-Object Visibility Difficulty (see
Sec. . Each subplot plots mloU versus task difficulty. Each curve corresponds to
a specific dataset size, fitted over the averaged performance at each difficulty level
(aggregated across multiple samples and weighted accordingly). The dense empirical
dot plots and detailed results are provided in the appendix.

performance across reasoning and key-object visibility difficulty (Figure |4). To
isolate factors, reasoning analysis restricts visibility difficulty below 0.5, while
visibility analysis restricts reasoning difficulty below 6. Additional details are
provided in the appendix.

Our analysis shows that while scaling dataset and model size improves multi-
view perceptual capability and yields strong performance under sufficient visi-
bility, it exhibits poor scaling efficiency as reasoning complexity increases. As
illustrated in Figure [4] training improvements span roughly 70% of the visibility
spectrum shown, whereas diminishing returns already emerge within only a tiny
portion of the effectively unbounded reasoning complexity spectrum. This sug-
gests that scaling may raise performance ceilings without removing underlying
structural constraints.

Visibility difficulty reflects a learnable perceptual regime with an
observability limit. Performance declines gradually across a broad range of
increasing visibility difficulty, indicating that current methods can learn effec-
tive geometric and perceptual representations when visual evidence remains suf-
ficient, as shown in the left region of Figure c,d). However, once visibility
crosses a critical threshold around 0.7, accuracy drops sharply across settings.
This abrupt collapse is consistent with intuition: when key visual evidence is
largely unobservable, answering correctly becomes inherently more difficult.

Reasoning difficulty drives sustained degradation and poor scaling
efficiency. Despite potential noise in our difficulty metric, the trend is clear:
accuracy declines steadily as reasoning difficulty increases, and gains diminish
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beyond moderate data scale, especially beyond 50K. Because compositional com-
plexity grows rapidly through simple combinations and permutations and can
extend far beyond the range shown here, scaling data and model size quickly be-
comes inefficient. One possible explanation is that current fine-tuning strength-
ens reasoning chains but struggles with deeper compositional search. Multi-hop
reasoning across sparse viewpoints resembles structured graph search that re-
quires exploring alternative relational hypotheses and maintaining cross-view
consistency, whereas CoT follows a single linear trajectory that limits explo-
ration and accumulates early errors. These findings suggest that high-difficulty
multi-view reasoning may require mechanisms beyond linear CoT, such as struc-
tured or tree-based search (e.g. [54]) to better approximate graph-like relational
inference (e.g. [19]).

6 Conclusion

This work studies multi-view visual reasoning in collaborative settings, where
no single observation is sufficient and models must integrate information across
discrete viewpoints to form a shared spatial understanding. To support sys-
tematic evaluation and scalable training, we develop an automated multi-view
data engine with rich geometric and view-consistent annotations, and introduce
the VIEW2SPACE benchmark spanning multiple task types, viewpoint config-
urations, and graded reasoning difficulties. Empirical results show that, while
current vision-language models can learn perceptual-level cross-view skills with
sufficient data, performance remains limited for high-difficulty multi-hop reason-
ing and high-occlusion cases, indicating that compositional multi-view reasoning
remains an open challenge.
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