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Abstract. Despite the rapid progress of Multimodal Large Language
Models (MLLMs) in 2D vision-language tasks, robust multi-view spatial
reasoning remains a fundamental bottleneck due to the lack of struc-
tured 3D cognitive pathways in existing datasets. To address this, we
introduce MV-STRIDE, a Multi-View hierarchical SpaTial Reasoning
dataset with Interdependent and Decomposed capabilitiEs. Moving be-
yond flat data structures, MV-STRIDE explicitly models the dependency
relationships between foundational perception, scene understanding, and
complex contextual reasoning, providing a coherent learning pathway
aligned with human spatial cognition. We develop a systematic QA gen-
eration pipeline leveraging diverse 3D scene sources that enforces cross-
view dependency constraints to prevent single-view solvability, generat-
ing multi-level spatial reasoning tasks supported by cognitively grounded
chain-of-thought supervision for complex inference. Extensive evalua-
tions demonstrate that our multi-stage training framework based on our
hierarchical dataset achieves state-of-the-art performance across multiple
spatial reasoning benchmarks, notably the multi-view oriented MMSI-
Bench. Our approach enables MLLMs to maintain robust, 3D-consistent
spatial reasoning across diverse viewpoints. The code and dataset are
available at https://coldspring.github.io/MV-STRIDE/.
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1 Introduction

In recent years, Multimodal Large Language Models (MLLMSs) [16,17}26}(29./30]
have excelled in general vision-language tasks, especially fundamental spatial
perception, which are essential for downstream applications such as embodied
intelligence and autonomous driving. Despite these advances, robust spatial rea-
soning under multi-view visual conditions remains major unresolved challenges.
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Extensive evaluations of multi-view spatial reasoning benchmarks [14}[22}[27]
43] 45| consistently reveal a significant performance gap between humans and
MLLMs. Humans naturally integrate shared objects or structures across views
into a coherent 3D cognitive map enabling flexible viewpoint transformations
and reasoning about arbitrary spatial relationships. In contrast, current MLLMs
struggle to reliably establish such correspondences, maintain geometric consis-
tency across views, or perform stable viewpoint-dependent reasoning. Error anal-
yses of existing benchmarks [22,[43/45] indicate that failures predominantly arise
from deficiencies in scene-level reconstruction, cross-view correspondence, and
viewpoint transformation, rather than from isolated perceptual errors.

A key cause of multi-view bottleneck lies in the design limitations of existing
spatial reasoning datasets. Most spatial reasoning datasets [516,8,20124125/36,39]
focus on single-view 2D planes, failing to support the formation of consistent
3D spatial cognition. Although recent efforts have introduced multi-view data
|231}32,/40,42}/441/47,|48|, many datasets emphasize low-level quantitative percep-
tion (e.g. depth estimation), which strengthens isolated perceptual skills but
does not support the development of structured 3D reasoning. Furthermore,
multi-view spatial reasoning is frequently treated as a flat or loosely defined
capability, with tasks designed independently and without explicit dependency
between perception, scene understanding, and reasoning. As a result, models lack
a clear learning pathway from basic spatial perception to high-level multi-view
reasoning, hindering their ability to generalize to complex, multi-step spatial
inference.

To bridge this gap, we introduce MV-STRIDE, a Multi-View hierarchical
SpaTial Reasoning dataset with Interdependent and Decomposed capabilitiEs.
Aligned with human cognition, MV-STRIDE organizes tasks into three levels:
single-view perception, cross-view scene understanding, and complex contextual
spatial reasoning. Unlike simple difficulty-based hierarchies, our framework ex-
plicitly models the dependency relationships among different spatial capabilities
across levels. This design provides a coherent pathway for MLLMs to acquire
stable 3D spatial awareness and reasoning behavior aligned with human cogni-
tion.

Following this design, we develop a pipeline that leverages diverse 3D-grounded
assets to generate MV-STRIDE. Our pipeline employs a top-down generation
strategy that simultaneously populates all three levels of the hierarchy. We first
construct complex Level III tasks—specifically enforced by cross-view depen-
dency constraints to preclude single-view shortcuts—and then decompose them
into prerequisite Level I and II sub-questions. These tasks are organized into
spatial cognition problem groups, where the ordered answers to sub-questions
naturally form the constituent steps of Chain-of-Thought (CoT) annotations.
This structured data facilitates a capability-aligned training strategy, spanning
from supervised fine-tuning to reinforcement learning, ensuring model reason-
ing remains strictly aligned with the human spatial cognition process. Models
trained with our dataset and methodology achieve state-of-the-art performance
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across multiple spatial reasoning benchmarks, particularly in multi-view settings,
thereby validating the superior effectiveness of our proposed approach.
Our main contributions are summarized as follows:

— We introduce a hierarchical, capability-dependent organization of multi-view
spatial reasoning tasks, which explicitly models the dependency structure
from foundational spatial perception to high-level multi-view contextual rea-
soning.

— We design a cognition-driven QA generation pipeline and construct a multi-
level multi-view spatial reasoning dataset MV-STRIDE with accurate 3D su-
pervision, where tasks across different levels are explicitly connected through
capability dependencies and organized into coherent spatial cognition prob-
lem groups.

— We empirically validate the effectiveness of the proposed dataset by multi-
stage training, demonstrating consistent improvements on multiple spatial
reasoning benchmarks.

2 Related Work

2.1 Multimodal Spatial Reasoning Dataset

Recently, a plethora of large-scale spatial reasoning datasets has emerged to bol-
ster the 3D awareness of MLLMs. Early efforts relied on pseudo-labeling pipelines
to automatically generate extensive training annotations. Spatial VLM [6] pio-
neered automated 3D annotation for internet images, followed by refinements in
region-level scene graphs [§8] and RGB-D perception [5]. To mitigate the inher-
ent inaccuracies of pseudo-labels, recent research has shifted toward precise 3D
ground-truth. Datasets such as SPAR-7TM [48], RefSpatial [49], SAT [32], VST
[44] and CA-1M [10] leverage real-world reconstructions (e.g., ScanNet++ [46])
or simulated environments [12]| as data sources to provide accurate supervision
across various spatial reasoning tasks. While these works have scaled single-view
reasoning, they lack the structured, multi-layered pathways necessary to system-
atically foster complex 3D geometric consistency.

2.2 Multimodal Multi-view Spatial Reasoning Dataset

Despite the growth in data scale, robust multi-view spatial reasoning remains a
bottleneck as many existing datasets either treat multi-frame inputs as isolated
contexts [10] or provide limited multi-view task categories [32}/44,/48]. Dedicated
multi-view datasets like MultiSPA [42] offer large-scale perception labels (e.g.,
depth, motion) but are restricted to low-level quantitative estimation. Other
efforts focus on isolated capabilities, such as viewpoint recognition [47], point
correspondence [40], or grounding-based reasoning [23|. Unlike these narrowly
focused or perception-heavy datasets, our MV-STRIDE introduces a compre-
hensive, three-level hierarchy that explicitly models the dependency between
foundational perception and high-level contextual reasoning, ensuring robust
3D-consistent spatial inference.



4 J. Xu et al.

Spatial Cognition Process Question Group
iti ip (Obj.-Obj.)
2isonte

Positional Relationship
Counting T
Camera Motion Size Comparison

| Level lli: Contextual Reasoning

Object Orientation Virtual Perspective

H Level Ii: Cross-View Understanding

Figure 1 H e Level It
L : || Camera Rotaion (pitcty | | CameraTranslaion (0 STRIDE

Camera Translation Camera-Object 3D
(right) Position

H  Level I: Single-View Perception ‘_

Depth Estimation

mes1

19

Figure 2 Size Comparison

Fig.1: Overview of our MV-STRIDE. It encompasses a hierarchy of spatial tasks
across three levels and 18 categories, sourced from over 600 synthetic and real indoor
environments. This cognition-aligned structure supports the entire training lifecycle
from Supervised Fine-Tuning (SFT) to Reinforcement Learning (RL), enabling MLLMs
to develop human-like, multi-view consistent spatial reasoning capabilities.

3 Method

To address the bottleneck of systematic multi-view spatial reasoning capability
in existing MLLMs, we propose a hierarchical, cognition-driven dataset con-
struction methodology tailored for 3D-consistent multi-view spatial reasoning.
Our method is grounded in a key observation: robust spatial reasoning does
not emerge from isolated tasks, but from a progressive acquisition of spatial
perception, scene-level understanding, and high-level contextual reasoning abil-
ities. Consequently, we organize spatial reasoning tasks following a "Perception,
Modeling and Reasoning" cognitive hierarchy and construct a layered question-
answering (QA) dataset that explicitly models capability dependencies across
levels.

In the following, Sec. |3.1]introduces the hierarchical definition of spatial rea-
soning tasks and their capability dependencies. Sec. describes the data gen-
eration pipeline used to construct the multi-level QA dataset. Sec. [3.3] presents
our multi-stage training strategy built upon the proposed dataset.

3.1 Hierarchical Definition of Spatial Reasoning Capabilities

We decompose multi-view spatial reasoning into three tightly coupled levels, each
corresponding to a distinct stage in human spatial cognition and addressing a
specific limitation of current MLLMs. These levels jointly form a unified spatial
reasoning training system. The hierarchical architecture and task composition
of MV-STRIDE are illustrated in Fig. [I]

Level I: Single-View Spatial Perception. Level I focuses on the establish-
ment of robust, egocentric spatial perception within a single perspective. As the
bedrock of the MV-STRIDE hierarchy, this level transitions the model’s focus
to quantitative geometric awareness. Specifically, the task types include recog-
nition of the spatial attributes of objects and cameras, and relative position
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judgment. By ensuring precise perception at the single-view level, we prevent
hallucinated geometry from propagating into subsequent 3D scene understand-
ing stages. From a cognitive perspective, it mimics the human ability to instantly
perceive the layout of a visible environment, providing the necessary spatial clues
to build a global scene representation.

Level II: 3D-Consistent Scene Understanding. Level II focuses on scene-
level spatial understanding by establishing geometric correspondences and view-
point transformations across two perspectives. The primary objective is to bridge
isolated perspectives into a coherent 3D cognitive map. Tasks at this level require
MLLM to resolve inter-view relationships, including cross-view object correspon-
dence and relative camera motion estimation (covering translation and rotation).
By mastering these capabilities, the model is encouraged to transition from inde-
pendent image processing to a global modeling of the scene structure, effectively
overcoming spatial inconsistency and providing the necessary structural founda-
tion for subsequent complex reasoning.

Level III: Multi-View High-Level Contextual Reasoning. Level III fo-
cuses on high-order, context-dependent spatial reasoning, representing the most
comprehensive task suite for multi-view spatial reasoning to date. Building upon
the structural representations established in Level I, this level requires the model
to perform sophisticated inference across a diverse set of tasks, including multi-
view object counting, measurement estimation, object orientation reasoning and
positional relationship reasoning across multiple reference frames. To achieve
high-level proficiency, these tasks are designed to necessitate virtual viewpoint
transformations and allocentric reference frame reasoning based on full 6-DoF
camera states, pushing the model’s complexity well beyond simple ego-centric
observation.

Crucially, to prevent the model from relying on single-view shortcuts, we en-
force a strict cross-view dependency constraint: every question is designed to be
unsolvable from any single perspective. For example, the model may be asked
to determine the spatial direction of an object visible only in View B relative to
the camera’s position in View A. This design encourages the model to perform
accurate perception and comprehensive cross-view information integration be-
fore reasoning, guiding it to develop genuine 3D-aware spatial reasoning ability
instead of merely reading 2D information.

Spatial Cognition Process Question Group. Based on the hierarchical
definition of spatial reasoning tasks, we further introduce a cognition-process-
based grouping strategy to explicitly model the reasoning trajectory required
for complex tasks. In this approach, we treat the high-level multi-view contex-
tual reasoning problems in Level III as the apex. For each complex problem, we
perform a top-down decomposition of the underlying spatial cognitive require-
ments, reverse-engineering the necessary perceptual and scene-understanding
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Fig. 2: Overview of MV-STRIDE construction pipeline. We convert 3D scene assets
into hierarchical multi-view spatial reasoning tasks. Scene annotations are first ex-
tracted from synthetic and real-world scene datasets. A filtering stage selects valid
cameras and objects while enforcing cross-view dependency constraints. Based on the
filtered metadata, hierarchical QA pairs are generated across three spatial cognition
levels. Finally, cognition-process-based question groups are used to synthesize chain-
of-thought reasoning annotations for high-level tasks.

steps. These intermediate capabilities are then matched and instantiated as spe-
cific sub-questions within Level I and Level II. Consequently, for a given scene
and viewpoint set, questions across all three levels are organized into a coherent
spatial cognition process question group.

By explicitly encoding these capability dependencies and logical transitions,
this design ensures that high-level reasoning is strictly grounded in verifiable
perceptual and scene-level understanding, thereby guiding models to follow a
cognitively plausible reasoning trajectory that transitions from local perception
to global integration. Furthermore, this structured organization allows for the
construction of principled, long-chain reasoning supervision, providing an ef-
ficient pathway to acquire stable 3D spatial awareness and robust multi-view
reasoning behavior.

3.2 Data Construction Pipeline

We develop a systematic, cognition-driven pipeline to transform raw 3D scene
data into structured, hierarchical spatial reasoning tasks, as illustrated in Fig. 2]
By grounding natural-language reasoning in verifiable 3D metadata, this frame-
work bridges the gap between low-level visual perception and high-level contex-
tual inference.



MV-STRIDE: Multi-View Hierarchical Spatial Reasoning 7

Scene Assets and Preprocessing. Our pipeline leverages two distinct types
of data sources to ensure both realism and structural diversity: procedural 3D
scene generators and real-world 3D reconstruction datasets.

Procedural 3D Scene Generation. We utilize the Infinigen [31] frame-
work to procedurally generate a vast array of novel indoor environments. This
allows us to create diverse room layouts, varied object distributions, and ran-
domized viewpoint trajectories. For each generated scene, we render multi-view
images while simultaneously capturing exhaustive ground-truth metadata, in-
cluding 3D object bounding boxes, precise camera intrinsics/extrinsics, and view-
dependent 2D instance segmentations.

Real-World Reconstruction. To ground our dataset in real-world com-
plexity, we incorporate ScanNet+-+ [46], which provides high-fidelity 3D recon-
structions of actual indoor spaces. From this source, we directly extract the reqg-
uisite geometric and semantic information, ensuring that our model encounters
realistic textures, lighting, and spatial configurations.

By integrating these dual sources, we establish a robust foundation of accu-
rate 3D object and camera annotations. This geometric grounding is essential
for maintaining strict multi-view consistency and generating high-precision QA
pairs across our hierarchical framework.

Viewpoint and Object Filtering. To ensure the dataset effectively facilitates
3D-aware learning, we implement a rigorous multi-stage filtering process:

Camera Pair Selection. We filter camera combinations based on their spa-
tial proximity and orientation. Pairs with excessively large or negligible spatial
separation are excluded to maintain a reasonable level of difficulty. Crucially,
we require each camera pair to share a minimum number of common objects,
providing sufficient spatial anchors to ensure that cross-view relationships are
solvable for observers.

Object Visibility and Ambiguity Control. We select target objects that
are clearly visible and can be uniquely identified through unambiguous text
descriptions. Objects that are heavily occluded or too small to provide reliable
visual cues are discarded.

Cross-View Dependency Constraint. To uphold the single-view unsolv-
ability of Level III tasks, we apply deterministic rules during selection. Specif-
ically, we only retain questions that require integrating information across the
entire view set, such as referencing an object visible only in View A from the
camera coordinate system of View B, or evaluating spatial relationships between
multiple objects that never co-occur in a single frame. This eliminates shortcuts
based on local cues, compelling the model to synthesize a globally consistent
scene representation to arrive at the correct answer.

To empirically validate this constraint, we randomly sample 1K Level III
questions and evaluate Gemini-3-Flash under two input settings. When provided
with only a random single view, the model obtains 31.5% accuracy, while using
the full multi-view inputs improves the accuracy to 41.2%. This gap indicates
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that Level III questions require cross-view information integration and cannot
be reliably solved from a single-view shortcut.

Hierarchical QA Generation. Following the cognition-process-based group-
ing strategy, the generation proceeds in a top-down manner. We first generate
complex Level ITI questions based on the filtered viewpoints and selected objects.
Once a Level I11 task is defined, the pipeline automatically identifies the requisite
perceptual and scene understanding capabilities and generates the correspond-
ing sub-questions of Level I and Level II. To bridge the gap between geometric
data and natural language, our pipeline first transforms the raw 3D metadata
of filtered objects and viewpoints into structured spatial semantic information,
which is then used to populate our predefined QA templates. To ensure high
response quality and linguistic diversity, we utilize human-designed templates
enriched by Large Language Models to achieve rich variability. While Level I
and Level II tasks are formulated as short-answer questions to foster perceptual
precision, Level IIT tasks are structured as multiple-choice questions to facilitate
the learning of complex, multi-step spatial inference. This hierarchical design
ensures that all tasks, ranging from low-level perception to high-level reasoning,
are derived from a unified 3D scene representation and the same set of multi-view
visual inputs, maintaining strict cross-level geometric consistency.

Construction of Long-Chain Reasoning Annotations. Leveraging the
cognition-process-based question groups, we construct high-quality CoT anno-
tations for Level III tasks. For each high-level problem at the group’s apex, we
treat its associated Level I and Level IT sub-questions and their ground-truth an-
swers as necessary prerequisites. These components are sequentially organized
and fed into an LLM [15], which serves as a linguistic synthesizer to refine them
into a coherent natural-language reasoning chain.

This strategy ensures that each CoT follows the three essential stages of hu-
man spatial cognition: local perception, cross-view integration, and high-level
contextual inference. By grounding the final answer in verifiable intermediate
steps, our approach provides transparent and interpretable supervision for long-
chain reasoning. This enables the scalable generation of complex spatial reason-
ing chains without manual annotation, that remains strictly aligned with the
underlying cognition logic, as further detailed in the Appendix.

Quality Verification. We further conduct sampled quality verification through
human and LLM-based checks for the generated QA pairs and CoT annotations,
yielding an overall accuracy of 88.0% for QA pairs and 97.5% for CoT anno-
tations. These results indicate that MV-STRIDE maintains reliable QA and
CoT quality at scale, with only minor noise in automatically generated samples.
More details of the verification protocol and error analysis are provided in the
Appendix.
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3.3 Multi-Stage Training Strategy

To fully exploit the hierarchical and grouped nature of our dataset, we de-
sign a progressive three-stage training strategy that systematically develops the
model’s spatial intelligence from fundamental perception to complex reasoning.

Stage 1: Foundational Spatial SFT. In the first stage, we perform SFT on
the base model using 60% of the scene data, encompassing tasks from Level I to
Level ITI. This stage is designed to equip the model with foundational capabilities
in spatial perception, cross-view scene understanding, and multi-view contextual
reasoning.

Stage 2: Cold-Start with CoT. While the first stage establishes core
capabilities, it does not inherently enable the model to generate interpretable
reasoning chains. Therefore, we utilize 20% of the scenes from ScanNet++ to
construct CoT annotations for cold-start training. This stage focuses on teaching
the model the structured reasoning templates required for complex multi-view
tasks, fostering an initial reasoning awareness.

Stage 3: Multi-view Spatial Reasoning RL. In the final stage, we em-
ploy the Group Relative Policy Optimization (GRPO) [33] algorithm to further
refine the model. We first apply the model trained at Stage 1 to perform multiple
inference passes on the remaining data and select a subset of samples with mod-
erate difficulty based on empirical correctness statistics. Using these samples, the
model then performs reinforcement learning to further explore diverse reason-
ing paths, building upon the reasoning templates acquired during the cold-start
stage. This reinforcement learning process encourages the model to find an opti-
mal balance between interpretability and accuracy, ultimately achieving robust
3D-aware spatial reasoning.

4 Experiments

4.1 Experimental Setup

Implementation Details. We use Qwen3-VL-8B-Instruct [3] as the base model
for all experiments. Training is conducted in three stages: large-scale SFT (Stage
1), CoT cold-start training (Stage 2), and RL (Stage 3).

In Stage 1, the model is trained with a learning rate of 1 x 1072 on a diverse
mixture of datasets including the combined set of Levels I-III from 60% of the
scenes, comprising 313.8K QA pairs, additional open-source spatial reasoning
and GQA datasets [1,/11,{13}/19}121,|28}32}/48,|49]. In Stage 2, we perform cold-
start training on 19.0K CoT annotated Level III samples with a learning rate
of 1e-6. In Stage 3, we employ GRPO algorithm for reinforcement learning on
24.8K high-level reasoning samples, using a learning rate of le-6, with 8 rollouts
per prompt.

For Stage 1 and Stage 2, the global batch size is set to 256, with a warmup
ratio of 0.1. In Stage 3, a warmup ratio of 0.01 is used. All remaining training
details, including dataset composition ratios and optimization hyperparameters,
are provided in the Appendix.
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Benchmarks. To evaluate the effectiveness of our proposed method in spatial
reasoning, particularly under multi-view conditions, we conduct extensive experi-
ments across several representative benchmarks. These include CV-Bench for
foundational single-view spatial perception, MMSI-Bench and ViewSpatial-
Bench for multi-viewpoint spatial localization and reasoning, and 3DSR-
Bench for comprehensive 3D-aware spatial inference. This diverse selection
of benchmarks allows for a holistic assessment of our model’s performance im-
provements across different levels of spatial complexity.

Baselines. We evaluate our method against a diverse range of MLLMs, includ-
ing proprietary MLLMs (e.g., GPT-5 ), representative open-source models
across various parameter scales (e.g., InternVL3-38B )7 and specialized spa-
tial reasoning MLLMSs(e.g., SPAR [48]). For baselines without publicly available
scores on specific benchmarks, we evaluate their performance under the same
experimental conditions as our own model to ensure a fair and rigorous compar-
ison.

4.2 Main Results

Table 1: Performance of different models across four spatial reasoning
benchmarks. The best overall results in each column are bolded, while the second-
best overall results are italicized. The best results among open-source models are
underlined.

MMSI-Bench

Model CvV VS 3DSR

Attribute  Motion (M) Positional Relationship (PR) MSR Avg.

Appr. Meas. C O ¢C CO CR 00 OR RR Avg. Avg.  Avg.
Proprietary MLLMs
GPT-5 m 36.40 60.90 32.40 36.80 43.00 48.80 51.80 35.10 42.40 32.10 42.40 41.90 - - 66.70
GPT-40 @ 37.90 37.50 37.80 31.60 37.60 20.90 33.70 25.50 32.90 27.20 32.80 32.10 78.90 34.98 60.30
Gemini2. 33.30 60.90 27.00 28.90 45.20 38.40 45.80 35.10 41.20 32.10 33.30 37.60 - - 64.30
Seed1.5-VL 21.20 35.90 37.80 27.60 27.60 20.90 28.90 30.90 40.00 27.20 30.80 30.70 - - 64.00
Open-source MLLMs
InternVL3-78B 21.20 40.60 33.80 31.60 33.30 18.60 24.10 22.30 36.50 32.10 27.80 28.90 - - 61.30
InternV1.2.5-78B 22.70 35.90 20.30 34.20 35.50 30.20 42.20 20.20 40.00 38.30 29.30 31.50 - - 58.00
Qwen2-VL-72B-Instruct 27.30 42.20 33.80 25.00 21.50 24.40 27.70 31.90 41.20 38.30 33.30 31.50 - - 57.50
LLaVA-OneVision-72B 18.20 32.80 16.20 28.90 40.90 30.20 30.10 25.50 35.30 32.10 16.70 26.90 - - 57.90
InternVL3-38B 30.30 42.20 20.30 32.90 25.80 23.30 28.90 24.50 37.60 29.60 28.30 29.00 - - 59.10
Ovis2-34B 31.80 39.10 20.30 32.90 31.20 26.70 21.70 27.70 44.70 32.10 31.30 30.80 - - 58.60
Qwen2.5-VL-32B-Instruct 36.40 39.10 27.00 34.20 26.90 26.70 33.70 26.60 30.60 29.60 21.70 28.90 - - 56.90
InternVL3-14B m 24.20 34.40 27.00 27.60 15.10 27.90 22.90 29.80 35.30 24.70 26.80 26.70 - 40.28 56.00
InternVL3-8B aﬂ 22.70 32.80 17.60 31.60 21.50 30.20 37.30 27.70 43.50 30.90 30.80 29.90 85.50 - 55.50
InternVL3.5-8B 19.69 35.93 17.56 26.31 21.50 18.60 28.91 24.46 29.41 19.75 28.28 24.9 82.86 43.24 -
MiMo-VL-7B-R! 24.20 25.00 28.40 23.70 25.50 22.10 27.70 29.80 45.90 30.90 32.80 30.30 82.30 - 60.10
MiMo-VL-7B-SF' 19.70 37.50 17.57 23.68 27.96 25.58 21.69 34.04 31.76 35.80 34.34/ 29.00 82.33 40.37 59.31
Qwen2.5-VL-7B-Instruct 21.20 34.40 23.00 31.60 24.70 29.10 28.90 21.30 35.30 23.50 25.30 26.80 73.00 36.85 53.20
Spatial-reasoning MLLMs
SPAR - - - - - - - - - - - - 79.91 - 57.48
VST-7B-RL 26.60 48.560 33.80 31.60 35.50 38.30 30.90 54.60 35.30 47.00 22.70 35.30 86.50 - 60.10
Ours
Base Model(Qwen3-VL-8B-Instruct ) 19.70 39.06 24.32 26.32 19.35 27.91 37.35 29.79 38.82 28.40 29.80 29.20 84.31 40.51 59.98
MV-STRIDE-SFT(Full) 43.94 43.75 45.95 31.58 34.41 66.28 56.63 41.49 34.12 30.86 22.73 38.90 86.73 48.35 64.51
MV-STRIDE-SFT(Stage 1) 27.27 29.69 40.54 34.21 43.00 63.95 66.27 36.17 34.12 28.40 21.72 37.20 86.39 50.28 65.52

MV-STRIDE-ColdStart(Stage 2) 30.30 31.25 40.54 35.53 40.86 56.98 61.45 39.36 29.41 28.40 23.74 36.70 85.94 47.30 61.08
MV-STRIDE-RL(Stage 3) 31.82 32.81 40.54 40.79 39.78 62.79 59.04 38.30 34.12 27.16 22.73 37.50 85.94 49.30 59.43
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Quantitative Results on Spatial Reasoning Benchmarks. In this section,
we evaluate the performance of our models across different training phases: MV-
STRIDE-SFT(Full), a comprehensive baseline trained by pooling all data from
all three stages for SFT; MV-STRIDE-SFT(Stage 1), the model obtained after
the SFT stage; MV-STRIDE-ColdStart(Stage 2), the model obtained after the
cold start stage; and MV-STRIDE-RL(Stage 3), the final version further refined
through RL, comparing them against various MLLMs.

As illustrated in Tab. [T} our models demonstrate superior performance across
multiple spatial reasoning benchmarks. Specifically, MV-STRIDE-SFT(Full) achieves
state-of-the-art (SOTA) results among open-source MLLMs with an average ac-
curacy of 38.9% on the MMSI-Bench, yielding a substantial 9.7% improvement
over the Base Model. This performance surpasses several models with signifi-
cantly larger parameter scales and remains highly competitive with leading pro-
prietary MLLMs, effectively narrowing the gap between open-source models and
closed-source counterparts in complex spatial reasoning.

A more granular analysis of MMSI-Bench sub-categories reveals that our
models excel in dimensions highly correlated with our proposed dataset, such
as Motion and Positional Relationship. Notably, it attains SOTA performance
across all tested models in several challenging sub-tasks, including M-C and PR-
C-0 et al. These results provide compelling evidence for the effectiveness of our
data in addressing complex multi-view spatial reasoning challenges.

Furthermore, our model exhibits remarkable generalization capabilities. MV-
STRIDE-SFT(Stage 1) achieves the overall best performance on ViewSpatial-
Bench and the top result among open-source models on 3DSRBench, both of
which emphasize 3D and multi-view spatial reasoning. On the single-view CV-
Bench, MV-STRIDE-SFT(Full) reaches the best performance among all com-
pared models. Collectively, these empirical findings strongly validate that our
proposed dataset significantly augments the model’s spatial reasoning capacity,
particularly in synthesizing multi-view information for comprehensive 3D spatial
understanding.

We further validate the effectiveness of MV-STRIDE on MLLMs with dif-
ferent parameter scales and architectures, and observe consistent improvements
across benchmarks. Detailed results are provided in Appendix.

Qualitative Analysis of 3D-Consistent Reasoning. While the quantitative
benchmarks of MV-STRIDE-RL may not always surpass our other variants, it
exhibits a significant advantage in generating highly interpretable and structured
spatial reasoning chains. As illustrated in Fig. [3] through cold-start fine-tuning
and RL, the model has autonomously evolved a multi-stage systematic paradigm
for addressing multi-view challenges.

This hierarchical process mirrors the human spatial cognition path: it be-
gins with Single-View Perception, identifying localized assets like kitchen ap-
pliances; progresses to Cross-View 3D Modeling, establishing spatial anchors
between frames and estimating camera pose (e.g., quantifying horizontal shifts
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Fig.3: CoT produced by MV-STRIDE-RL on several multi-view spatial reasoning
examples from MMSI-Bench.
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Fig. 4: Ablation study results. Results are reported in percentage points (pp.) relative
to corresponding baselines.

and rotations); and culminates in High-Level Scene Reasoning to derive the final
answer.

The samples in Fig. [3| demonstrate this qualitative leap: the model does not
merely predict a label but constructs a consistent internal 3D representation,
explicitly calculating the camera’s translation (e.g., 0.85m shift) and rotation
(e.g., 30.5°). This level of mathematical grounding and logical coherence under-
scores the capacity of reinforcement learning to cultivate internal spatial con-
sistency—providing a "white-box" reasoning process that exceeds the reach of
standard supervised learning.

4.3 Ablation Studies

Effectiveness of MV-STRIDE. To investigate the specific contribution of
our proposed dataset to the model’s spatial reasoning capabilities, we conduct
a series of ablation experiments on the training data composition in Stage 1. As
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established in our training pipeline, we introduce various open-source datasets
including spatial reasoning, caption and GQA data as auxiliary data to fortify
the model’s fundamental perception. However, to demonstrate that MV-STRIDE
is the primary driver for the leap in spatial reasoning—especially in multi-view
scenarios—we compare the performance of models trained with different data
combinations.

As summarized in Fig. [da] incorporating only open-source auxiliary data
yields marginal improvements over the base model across most benchmarks,
with almost negligible gains on the multi-view-focused MMSI-Bench. In stark
contrast, the inclusion of MV-STRIDE leads to a substantial performance surge.
Specifically, accuracy on MMSI-Bench and ViewSpatial experiences a significant
leap, far outstripping the improvements brought by general open-source data.
Furthermore, consistent and marked enhancements are observed across the other
two benchmarks. These empirical results provide robust evidence that our pro-
posed dataset is the essential catalyst for empowering the model to synthesize
complex multi-view information and achieve superior 3D spatial understanding.

Effect of Progressive Multi-Stage Training. To verify the necessity of each
phase in our proposed pipeline, we evaluate models at different training stages
and perform an ablation study on every stage. The results are summarized in
Fig. bl and Tab.

Necessity of Individual Stages. We conduct an ablation study by system-
atically removing stages, with Fig. [db]illustrating the performance delta relative
to MV-STRIDE-RL (Stage 3). Without Stage 1’s foundational spatial knowl-
edge, the model lacks a viable exploration space for reinforcement learning, lead-
ing to convergence failure on high-order tasks. Omitting the Stage 2 cold-start
prevents the internalization of structured reasoning; during inference, these mod-
els suffer significant degradation on CV-Bench and 3DSRBench, proving that RL
requires supervised warm-up to develop coherent logic. Crucially, without Stage
3, the cold-start model merely imitates SFT templates through rote memoriza-
tion. In contrast, the RL phase empowers the model to autonomously verify
spatial logic and perspective consistency, facilitating a transition from passive
pattern matching to active, generalized problem-solving (see Appendix for qual-
itative comparisons).

Progressive Integration and the Reasoning Tax. Comparing the stages
of progressive training in Tab. [I} we observe a slight decline in raw accuracy on
certain benchmarks after transitioning from Stage 1 to Stage 2 and Stage 3.

During the transition from Stage 1 to Stage 2, the model changes from the
short-answer format used in foundational SFT to CoT-style supervision. This
shift alters the output distribution and may reduce direct-answer accuracy on
some benchmarks, which we refer to as a "reasoning tax". From Stage 2 to
Stage 3, the effect becomes benchmark- and task-dependent: multi-view-oriented
benchmarks such as MMSI-Bench and ViewSpatial-Bench benefit more from RL
training, whereas single-view or more general 3D reasoning benchmarks may
remain stable or slightly decrease due to the focus of Stage 3 on multi-view
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high-level reasoning. Despite these fluctuations, the multi-stage training process
enables the model to internalize a more systematic reasoning pattern, improving
interpretability and supporting cross-view spatial reasoning.

Multi-Stage Strategy vs. All-in-one SFT. We compare our multi-stage
strategy with MV-STRIDE-SFT (Full), which pools all multi-stage data for a
single-pass SFT in Tab. |1 While MV-STRIDE-SFT (Full) achieves higher ac-
curacy on certain benchmarks such as MMSI-Bench, this is largely due to its
stronger pattern-matching capability from seeing all CoT data as direct supervi-
sion. However, our multi-stage approach remains competitive and even superior
in specific 3D-heavy contexts. More importantly, our approach ensures that the
model’s reasoning is actively derived through RL optimization rather than just
passively imitated. This leads to a model that is more robust to novel, out-of-
distribution spatial scenarios where simple rote memorization of SFT data fails.

Table 2: Ablation study on data sources for Level III spatial reasoning.
Performance is evaluated on MMSI-Bench (Acc.). "# Samples" indicates the volume
of Level 3 data used for SFT.

Data Source # Infinigen # ScanNet-++ MMSI-Bench

Base Model - - 29.20
Synthetic Only 99.3k - 36.70
Real-world Only - 99.5k 37.50
Hybrid 49.7k 49.8k 38.00
Unified 99.3k 99.5k 39.40

Impact of Synthetic vs. Real-world Data Sources. This section investi-
gates the complementarity of synthetic and real-world data sources for training
spatial reasoning models. As illustrated in Tab. 2] we conduct supervised fine-
tuning using equal quantities of Level 3 spatial reasoning data from different
sources to evaluate their respective impacts.

The experimental results reveal that although synthetic data sources like In-
finigen [31] offer exceptional generation flexibility and theoretical reproducibility,
their diversity remains limited by the underlying procedural generation algo-
rithms. Additionally, the fidelity gap compared to real-world scenes causes the
performance gains from synthetic data to be slightly lower than those from real-
world sources such as ScanNet++ [46]. Nevertheless, the hybrid use of both syn-
thetic and real-world data yields the optimal performance. This synergy stems
from the fact that synthetic data provides engine-generated ground truth with
absolute precision, effectively helping the model establish rigorous spatial geo-
metric concepts. Concurrently, real-world data accounts for the complexity of
visual distributions, ensuring that the acquired spatial reasoning capabilities
generalize effectively to real-world inputs. These findings demonstrate the ne-
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cessity of combining controllable simulation with high-fidelity real-world data
for Development of large-scale spatial reasoning datasets.

5 Conclusion

This paper presents MV-STRIDE, a hierarchical dataset and training framework
designed to bridge the gap in multi-view spatial reasoning for MLLMs. By explic-
itly modeling capability dependencies—from foundational perception to complex
3D reasoning—we provide a cognitively grounded learning pathway that signifi-
cantly enhances spatial inference compared to conventional "flat" datasets. Our
evaluations demonstrate that while supervised fine-tuning establishes a robust
performance baseline, the incorporation of reinforcement learning is essential for
cultivating internal spatial consistency. Notably, we find that RL-refined models
autonomously develop structured, interpretable reasoning chains, moving beyond
rote memorization toward genuine 3D spatial logic. Furthermore, our results un-
derscore that the synergy between precise synthetic grounding and real-world
visual complexity is critical for balancing geometric accuracy with robustness.
Ultimately, MV-STRIDE offers a systematic roadmap for advancing MLLMs
from isolated 2D perception toward holistic, multi-view consistent spatial cogni-
tion.
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