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Abstract. Spatial understanding is a fundamental cornerstone of human-
level intelligence. Nonetheless, current research predominantly focuses on
domain-specific data production, leaving a critical void: the absence of a
principled, open-source engine capable of fully unleashing the potential
of high-quality spatial data. To bridge this gap, we elucidate the design
principles of a robust data generation system and introduce OpenSpa-
tial—an open-source data engine engineered for high quality, extensive
scalability, broad task diversity, and optimized efficiency. OpenSpatial
adopts 3D bounding boxes as the fundamental primitive to construct
a comprehensive data hierarchy across five foundational tasks: Spatial
Measurement (SM), Spatial Relationship (SR), Camera Perception (CP),
Multi-view Consistency (MC), and Scene-Aware Reasoning (SAR). Lever-
aging this scalable infrastructure, we curate OpenSpatial-3M, a large-
scale dataset comprising 3 million high-fidelity samples. Extensive eval-
uations demonstrate that versatile models trained on our dataset achieve
state-of-the-art performance across a wide spectrum of spatial reasoning
benchmarks. Notably, the best-performing model exhibits a substantial
average improvement of 19%, relatively. Furthermore, we provide a sys-
tematic analysis of how data attributes influence spatial perception. By
open-sourcing both the engine and the 3M-scale dataset, we provide a
robust foundation to accelerate future research in spatial intelligence.

Code: github.com/VINHYU/OpenSpatial
Dataset: huggingface.co/datasets/Joy Al-Image-OpenSpatial

Keywords: Spatial Intelligence - Vision-language Model

1 Introduction

Multi-modal large language models (MLLMs) [1,3,14,21,36,40,41,49] have pro-
gressed from image-text alignment to instruction-following systems capable of
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Fig.1: Overview of OpenSpatial. The left panel provides a high-level schematic of
the OpenSpatial pipeline. The right panel demonstrates that models trained with
OpenSpatial-generated data exhibit significant improvements in spatial intelligence.
Notably, the evaluation benchmarks are consistent with those reported in Tab. 1.

visual intelligence. Yet their spatial competence still trails their semantic ex-
pressiveness: models can produce convincing descriptions but often fail to per-
ceive accurate distance, maintain multi-view consistency, or construct spatial
cognitive maps — capabilities central to embodied decision-making [24, 29| and
robotics [5,20,37]. This gap has motivated “spatialized” VLMs [11,18,34,53,54]
and dedicated benchmarks [19, 52, 55, 56], yielding measurable improvements.
However, these gains remain uneven across tasks and scenes, suggesting that the
bottleneck is not architecture alone but the foundations of spatial generalization.

A major foundation is data: which spatial signals are present, how they
are synthesized, and what distributions they cover. Current data-centric efforts,
however, face two systemic obstacles. First, limited diversity of spatial data con-
strains the robustness of state-of-the-art models. This scarcity leads to “spatial
myopia”, where models exhibit high benchmark scores but lack the versatility
required for real-world environments. Second, and more critically, much spatial
data is generated by closed, under-specified pipelines. Existing works [7,53, 54]
release only fixed, preprocessed datasets (sometimes in limited subsets) while
keeping their generative engines proprietary, making it difficult to run con-
trolled ablations, scale data consistently, or study which design choices actually
drive spatial capability. This black-box ecosystem fragments progress into dis-
connected silos and raises the barrier to reproducible, systematic advancement.

We argue that advancing spatial intelligence requires moving beyond static
dataset releases toward open, reusable data infrastructure. We therefore intro-
duce OpenSpatial, as shown in Fig. 1, an open-source data engine that synthe-
sizes high-quality, scalable, and task-diverse supervision for spatial understand-
ing. OpenSpatial is built on three key designs. (1) 3D box—centric grounding
for quality: by anchoring supervision in object-aligned 3D boxes rather than 2D
projections [22], it yields high-fidelity, viewpoint-consistent labels that capture
true 3D structure and support metric reasoning. (2) 3D lifting for scalability:
it automatically elevates sparse cues into high-quality 3D box priors, enabling
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data generation to extend beyond curated sets to in-the-wild sources. (3) Scene-
graph-driven synthesis for diversity: it programmatically enumerates ob-
jects, attributes, and relations to generate balanced QA across measurement,
relations, camera changes, multi-view consistency, and scene-level reasoning,
mitigating “spatial myopia”. OpenSpatial is further engineered for throughput
via parallel execution and feature reuse, enabling rapid large-scale annotations.
Together, these choices make spatial supervision transparent and controllable,
supporting principled ablations, reliable scaling, and improved generalization.

Built on this infrastructure, we curate the OpenSpatial-3M dataset, a 3-
million-sample training suite spanning five core capabilities— Spatial Measure-
ment, Spatial Relationship, Camera Perception, Multi-view Consistency, and
Scene-Aware Reasoning, organized as a progressive curriculum that bridges ego-
centric observations with stable world-coordinate understanding. Models fine-
tuned on this data achieve state-of-the-art performance on challenging spatial
benchmarks (e.g., BLINK, AllAngles, MMSI), consistently surpassing strong
open-source baselines. As shown in Fig. 1, OpenSpatial-3M consistently enhances
performance across various architectures, yielding a 14.1% average improvement
and a maximum gain of 19% over the baseline. Beyond performance, OpenSpa-
tial’s modular pipeline enables controlled analyses of which design choices drive
improvements (e.g., box-centric grounding and data filtering), supporting repro-
ducible, data-driven scaling of spatial perception across architectures.

In summary, this work advances the frontier of spatial intelligence through
three key contributions.

— We introduce OpenSpatial, an open-source, controllable data engine for
synthesizing high-quality, scalable, and task-diverse spatial supervision.

— We release OpenSpatial-3M, a large-scale curriculum-style training suite
covering five foundational spatial capabilities.

— We demonstrate strong empirical gains and provide diagnostic analyses en-
abled by the engine’s modularity, clarifying how specific data designs improve
spatial generalization and offering a reproducible foundation for future work.

2 Related Work

Large Vision-Language Models. The rapid evolution of Large Vision-Language
Models (LVLMSs) has revolutionized multimodal intelligence by bridging high-
dimensional visual perception with complex linguistic reasoning, a progress fun-
damentally anchored in the advancement of Visual Instruction Tuning. This
paradigm, pioneered by LLaVA [30], demonstrated that projecting deep visual
features into the LLM’s embedding space via a lightweight interface enables the
model to follow complex multimodal prompts with sophisticated cross-modal
logic. Building upon this foundation, the Qwen series [2, 3, 28, 43] introduced
critical architectural refinements—specifically the Naive Dynamic Resolution
mechanism for processing visual inputs of arbitrary aspect ratios and the transi-
tion toward a unified multimodal backbone—significantly bolstering fine-grained
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comprehension and complex scene analysis. Modern LVLMs typically employ
a hierarchical training pipeline, progressing from an initial feature alignment
phase that synchronizes visual tokens with linguistic semantics to extensive Su-
pervised Fine-Tuning (SFT) on diverse, instruction-rich datasets. As exemplified
by the scaling strategies of InternVL [12,45,61] and the query-based alignment
approach in Instruct BLIP [16], this trajectory has shifted the field from rudimen-
tary image-text matching toward robust and generalizable visual intelligence.

Large Vision-Language Models for Spatial Reasoning Despite the sig-
nificant strides in general image and video understanding, existing LVLMs still
struggle with sophisticated spatial reasoning tasks that necessitate the inter-
pretation of intricate geometric transformations and spatial configurations. To
enhance the spatial intelligence of Large Vision-Language Models (LVLMs), ex-
isting research has diverged into architectural augmentation, large-scale dataset
curation [17,50,51], and advanced training paradigms [32]. Architecturally, mod-
els such as Spatial-MLLM [46], VLM-3R [18], and 3DThinker [11] incorporate
geometric priors via external 3D encoders, while SpatialBot [6] and VILASR [47]
utilize external tools for depth estimation and ground perception. Simultane-
ously, the field has transitioned toward data-driven scaling; Spatial VLM [9] and
SpatialRGPT [13] pioneered the synthesis of massive spatial VQA datasets, a
trajectory further extended by VST [53] and SenseNova-SI [7], and they bol-
ster the model’s comprehension capabilities by scaling up both the volume and
the diversity of the training data. To refine reasoning capabilities, multi-stage
frameworks like SpatialLadder [26] and Cambrian-S [54] employ progressive SFT,
whereas SpaceR [34] and MindCube [58] integrate cognitive maps with reinforce-
ment learning to optimize reasoning traces. While these methodologies have in-
troduced various specialized datasets, they often lack a granular analysis from
a data-centric perspective on how specific construction strategies fundamentally
enhance a model’s spatial intelligence. To bridge this gap, we systematically in-
vestigate the principles of spatial data synthesis and introduce a more curated,
large-scale dataset that specifically addresses previously overlooked perspective-
taking tasks, thereby fostering a more holistic spatial reasoning framework.

3 Implementation Principles of OpenSpatial

To enable reproducible progress in spatial intelligence, we introduce OpenSpa-
tial, an open-source data engine that generates high-quality spatial supervision
from a unified 3D box—centric representation (Fig. 2). Unlike static dataset re-
leases, OpenSpatial exposes the full data-production pipeline and supports two
complementary annotation modes: (i) human annotation for maximal accuracy,
and (ii) automated 3D lifting for scalable expansion to in-the-wild web data and
open-source assets. Both modes output the same canonical format— a scene mesh
with object-aligned 3D boxes— which then drives consistent attribute extraction
and QA synthesis. Built on this engine, we curate OpenSpatial-3M, a 3M-entry
training suite covering five foundational capabilities (SM/SR/CP/MC/SAR in
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Fig. 2: Illustration of the data engine. The left panel of the figure illustrates the data
processing and annotation pipeline, while the right panel presents the detailed statistics
of the dataset, including source data distribution and task distribution.

Fig. 3), further divided into 19 diverse sub-tasks, forming a scalable and exten-
sible foundation for general-purpose spatial understanding.

3.1 Data Pipeline

OpenSpatial turns raw multi-view images (or video keyframes) into spatial question-
answer pairs through a staged pipeline (Fig. 2). It starts by producing scene-level
3D oriented bounding boxes (OBBs) for all visible objects, either via manual la-
beling or via an automated lifting procedure. These scene-level boxes are then
converted into frame-level object attributes through projection, visibility filter-
ing, and mask refinement, resulting in a consistent object—frame index (3D/2D
boxes, masks, partial point clouds, tags, and metric flags). This shared represen-
tation supports two downstream annotation branches: single-view QA, generated
from per-frame scene graphs with explicit visual anchors, and multi-view QA,
generated by sampling overlapping views and using the viewpoint-invariant 3D
boxes to enforce cross-view correspondence and consistency.

3D Box-Centric Design: Spatial understanding requires a stable 3D scene
state: object position, size, orientation, and relations under viewpoint changes
and occlusion. OpenSpatial uses Oriented Bounding Boxes (OBBs) as the core
representation because they offer a compact, scalable middle ground between
weak 2D labels and expensive dense 3D reconstructions. OBBs are world-coordinate
and viewpoint-invariant, giving each object a single consistent 3D anchor across
frames, which makes cross-view association and supervision straightforward.
They also encode the minimum 3D structure needed for spatial reasoning (depth,
extent, orientation), supporting metric, topological, and directional relations.
Finally, OBBs act as a canonical anchor for downstream processing, enabling
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consistent projection, visibility/occlusion filtering, and box-conditioned mask
refinement to synchronize 3D geometry with precise 2D visual grounding. Con-
cretely, each object is parameterized as an OBB (z,y, z, 21, y1, 21,7, 0, y): (2,7, 2)
is the box center in world coordinates, (z;,y;, z;) are the side length along the
X/Y/Z axes, and (r,p,y) are Roll/Pitch/Yaw. All boxes are defined in a global
world coordinate system with a Z-up convention, providing a consistent geomet-
ric anchor shared across frames and camera trajectories.

Scene-level Bounding Box Annotation: Given a posed video sequence, our
first step is to obtain an oriented 3D bounding box for each object. OpenSpatial
supports two complementary annotation modes. Manual annotation, following
the EmbodiedScan protocol [44], leverages human effort to label objects in 3D
and yields high-precision boxes, but is time-consuming and difficult to scale.
To extend beyond curated datasets to web data and open-source assets without
fine-grained labels, we additionally provide an automated 3D lifting pipeline.
Starting from video keyframes or multi-view images, we perform per-view object
recognition with Gemini [14] and instance mask extraction with SAM [23], then
associate and merge instances in 3D space and fit a convex hull to produce the
final oriented boxes. Qualitative visualizations are reported in the experiments
(Fig. 4). After this step, each scene is represented as a reconstructed 3D mesh
together with a set of object-aligned oriented 3D bounding boxes (Fig. 2).

Attribute-Centric Object—Frame Mapping. After obtaining a scene mesh
with object-aligned 3D boxes, the next step is to convert these scene-level anno-
tations into frame-level attributes that reliably support downstream scene-graph
construction and QA synthesis across diverse task types. To this end, our engine
extracts a comprehensive set of object attributes from the initial 3D bounding
boxes (top-right part of Fig. 2). We first project each 3D box onto individual
frames, then apply two filters to ensure data integrity: (1) boxes outside the
current camera frustum are discarded; (2) to handle occlusions where an object
projects into the frame but is heavily truncated, we perform depth-based vali-
dation. Specifically, pixels within the projected 2D box are back-projected into
world coordinates using the depth map and camera intrinsics/extrinsics to form
a local point cloud, and we compute the volumetric occupancy of these points
inside the 3D box. Boxes with occupancy below a threshold are removed.

For boxes that pass filtering, the validated point-cloud pixels define coarse
masks, which are further refined by SAM [23] to obtain fine-grained 2D in-
stance masks that tightly align 3D geometry with visual appearance. Because
automated labeling may contain duplicate objects with similar semantics, these
masks serve as robust instance indicators and can be further converted into
bounding boxes or keypoints as precise spatial prompts. Finally, we consolidate
all extracted attributes— including masks, 2D /3D boxes, partial point clouds,
and object tags— into a structured indexing system across frames. Each object
is also assigned a metric flag indicating whether its box reflects real-world scale;
if False, measurement-related QA generation is skipped to avoid noisy supervi-
sion. This object—frame indexing forms a unified and reliable foundation for all
subsequent single-view and multi-view spatial understanding tasks.
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Scene-Graph-Driven QA Synthesis for Diverse Spatial Supervision
Given the object-frame indexing produced in the previous step, OpenSpatial syn-
thesizes spatial QA in two complementary settings: single-view and multi-view—
with an explicit emphasis on task diversity. The engine programmatically enu-
merates objects, their attributes, and inter-object relations (via scene graphs) to
generate a balanced collection of questions spanning measurement, spatial rela-
tions, camera/viewpoint changes, multi-view consistency, and scene-level reason-
ing, thereby mitigating the narrow coverage that often leads to “spatial myopia”.
Concretely, we generate QA in the following two types:

— Single-view annotation. For each frame, we construct a structured scene
graph from the indexed objects and their attributes (e.g., 2D/3D boxes,
masks, tags). To prevent referential ambiguity when multiple instances share
similar semantics, we render a visually marked image that highlights the
queried object(s) as explicit anchors. Conditioned on the marked image
and the scene graph, we generate diverse single-view QA that probes ob-
ject—object and object—environment relationships, including relational queries
(e.g., left, right, front, behind), attribute comparisons (e.g., size, relative
depth), and context-dependent reasoning grounded in the current view.

— Multi-view annotation. Multi-view QA targets cross-view spatial reasoning,
requiring consistent correspondence and geometry under viewpoint changes.
The key challenge is selecting view pairs with sufficient overlap to enable
inference while still introducing meaningful viewpoint variation. Our 3D
box—centric representation provides a principled solution: because 3D boxes
are anchored in a global world coordinate system, they serve as viewpoint-
invariant references for linking instances across frames. We therefore sample
view pairs that share a subset of 3D boxes, ensuring both contextual overlap
and diversity. For each pair, we build a unified multi-view scene graph that
merges object instances across views and generate cross-view QA— such as re-
identification under perspective shifts, reasoning about camera changes, and
consistency or measurement checks when permitted— encouraging the model
to form a coherent 3D representation that generalizes across viewpoints.

3.2 Description of OpenSpatial-3M Dataset

Data Source: Following VST [53], we leverage the meticulously annotated
3D bounding boxes from EmbodiedScan [44] as the foundational data for our
pipeline, which aggregates indoor scenes from ScanNet [15], Matterport3D [§],
ARKitScenes [4], and SUN-RGBD |38]. Notably, we excluded SUN-RGBD due
to its relatively lower annotation fidelity. To further enhance environmental di-
versity, we incorporated pre-processed data from ScanNet++ [57] and Hyper-
sim [35] as supplementary sources. Additionally, we collected a set of in-the-wild
web data to further broaden the diversity of our data sources. By including these
real-world images/videos, we improve the dataset’s coverage of various challeng-
ing scenarios, ensuring better generalization across different environments.
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Fig. 3: Overview of the OpenSpatial dataset. OpenSpatial-3M comprises 3M high-
quality samples for spatial understanding, encompassing five primary categories: Spa-
tial Measurement (SM), Spatial Relationship (SR), Camera Perception (CP), Multi-
view Consistency (MC), and Scene-Aware Reasoning (SAR). Representative cases for
each category are curated and illustrated above. For brevity, the displayed QA pairs
have been condensed; please refer to the Appendix for comprehensive details.

Task Taxonomy: We decompose spatial understanding into five core capabili-
ties, as shown in Fig. 3, each further categorized into a diverse set of sub-tasks.
A detailed characterization of these dimensions is provided in the following:

— Spatial Measurement (SM): Spatial measurement quantifies geometric met-
rics of objects and their configurations in a 3D coordinate system, estimating
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absolute physical scales such as length, width, height, and distance, serving
as foundational building blocks of spatial understanding.

— Spatial Relationship (SR): Spatial Relationship characterizes the 3D spatial
arrangement between entities, focusing on relative localization and inter-
object dependencies. It provides the qualitative framework necessary to de-
scribe the layout of a scene beyond individual object coordinates.

— Camera Perception (CP): Camera Perception helps model estimate camera
poses and relative object-camera relationship. This sensor-aware intelligence
serves as a foundational prior for implicit 3D reconstruction, enabling the
translation of 2D observations into structured 3D coordinate systems.

— Multi-view Counsistency (MC): Multi-view Consistency serves as the corner-
stone for scene-level understanding. It establishes robust spatial correspon-
dences across diverse viewpoints by identifying shared objects and contexts.
By correlating physical entities from different perspectives, this capability re-
quires the model to maintain a persistent 3D representation, ensuring spatial
reasoning remains coherent despite camera pose changes.

— Scene-Aware Reasoning (SAR): Scene-Aware Reasoning focuses on holis-
tic scene-level understanding and long-range spatial logic. It empowers the
model with the ability to perceive spatial layouts and perform planning or
navigation. By synthesizing the spatial configuration of obstacles and open
spaces, the model develops the high-level reasoning required to determine
traversability and optimal movement within a complex 3D environment.

4 Experiments

4.1 Implementation Details

Training Setting: We perform supervised fine-tuning (SFT) on several rep-
resentative open-source VLMs to evaluate the effectiveness of our data engine.
Adhering to the training protocol established in VST [53], each model is trained
for a single epoch using 32 NVIDIA GPUs with a global batch size of 128, unless
specified otherwise. We employ the AdamW optimizer for parameter updates,
setting the base learning rate to 5 x 107°. We apply a decoupled learning rate
strategy, setting the vision encoder’s learning rate to a smaller 5 x 1076,

Training Data: In our experiments, we primarily utilize the OpenSpatial-3M
dataset as our primary source. To further extend our coverage and incorporate
more diverse spatial scenarios, we integrate the high-quality open-source dataset
SenseNova-800K into our training mixture, supplementing spatial reasoning di-
mensions not fully addressed by our primary corpus. Furthermore, to effectively
maintain the models’ general multimodal capabilities while enhancing their spa-
tial intelligence, we employ a balanced 1:1 ratio of general multi-modal data
from LLaVA-OneVision [25] and spatial reasoning data from OpenSpatial-3M.
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Table 1: Performance comparison of representative VLMs on spatial reasoning and
general multimodal benchmarks. Dark blue and light blue backgrounds denote the
best and second-best results, respectively. All models are evaluated under the same
codebase to ensure a fair comparison. Note: 1)VSI is tested with 16 frames. 2)‘t’
denotes the performance gain or loss relative to the baseline model.

Models ‘ 3D-Avg ‘ BLINK AllAngles ERQA VsI 3DSR MMSI CV-3D RealWorldQA‘MI\lStarMMBMMU

Proprietary Models
Gemini-2.5-Pro [14] 62.4 70.6 61.3 55.8 48.4 57.6 36.9 91.3 7.3 775 90.1  81L.7

Gpen-source General Models
2.5 47.3 50.8 45.1 41.0 28.3 44.0 28.5 76.4 64.2 585 785 50.0
Tntern 51.6 54.9 48.9 40.8 39.3 51.0 28.6 79.9 69.4 626 823 533
InternVL3-2B [61] 47.9 52.8 48.6 36.3 30.3 46.4 25.9 77.3 65.5 615 7.7 459
InternVL3-8B [61] 53.2 55.7 50.5 405 38.7 52.7 30.9 86.0 70.6 685 820 5.7
2.5-VL-3B-Instruct [43] 15.6 19.0 12.8 10.8 32,0 45.2 25.0 64.8 65.2 56.6  77.2 484
ens? _-7B-Tnstruct [13] 50.0 55.3 50.1 41.0 36.0 19.0 26.5 73.8 68.1 653 823 552
Qwens VL-4B-Instruct [28] 56.2 62.6 49.1 40.2 53.6 52.5 28.0 92.3 714 67.5 828 5.7
/L-8B-Instruct [28] 56.7 66.1 49.5 40.1 55.6 52.8 28.1 90.8 70.7 701 838  60.2
- 54.3 46.2 40.8 - 50.1 29.0 79.1 70.2 623 813 513
MIMO-VL-7B-SFT [27] 54.6 59.7 52.9 41.0 375 56.1 29.3 86.9 735 7.1 809 659
Open-source SI Models
SpaceR-TB [34] 50.8 54.3 49.8 40.5 444 475 29.4 76.3 64.2 639  8L2 543
SenseNova-SI-1.1-Qwen2.5-VL-7B [7]]  51.8 55.0 a7 39.0 55.2 6.7 32.5 774 60.5 589 804 48.0
SenseNova-SI-1.1-Qwen3-VL-8B [7] 55.5 56.4 47.3 418 58.8 51.8 34.6 89.2 63.8 65.0  80.6 59.8
VST-7B-SFT [53] 57.9 62.1 49.5 438 55.3 53.3 33.3 94.8 715 631 808 506
Ours
OpenSpatial-InternVL2.5-8B 50.3 (+7.7)] 63.5(+8.6) 58.3(+9.1) 43.0(+2.2) 56.7(+17.6) 52.0(+1.0)38.7(+10.1)93.8(+13.9)  68.6(-0.8) 574 785 48.0
OpenSpatial-InternVL3-8B 59.8(+6.6) [66.0(110.3) 58.3 (+7.8) 44.5(+4.0) 57.4(+18.7) 53.5(+0.8) 38.6(17.7) 93.7(17.7)  66.6(-3.9) 624 820 512
OpenSpatial-Qwen2.5-VL-7B 50.5(-+9.5) [65.9(+10.6) 58.4(+8.3) 4L.8(+0.8) 56.7 (+20.7) 53.2(+4.2) 39.6(+13.1) 92.5(+ 18.4)  68.3(+0.2) 622 809 494
OpenSpatial-Qwen3-VL-8B 62.1(+5.4) | 68.2(+2.1) 59.8(+10.3) 44.2(+4.1) 61.6(+6.0) 56.2(13.4)41.9(+13.8) 94.0(+3.2)  71.0(10.3) 63.7 821 568

Evaluation: We evaluate the spatial reasoning capability of the VLMs across
several representative benchmarks: BLINK [19], AllAngles [56], ERQA [39],
VSI [52], 3D-SR [33], MMSI [55], CVBench-3D [42], and RealWorldQA [49]. For
general multimodal capabilities, we extend our evaluation to the MMStar [10],
MMBench [31], and MMMU [59] benchmarks. All models are assessed under
identical settings using their respective native system prompts to ensure a fair
comparison and minimize the impact of prompt variability.

4.2 Quality Evaluation

Main Results: As illustrated in Tab. 1, the OpenSpatial model series not only
sets a new state-of-the-art on specialized spatial benchmarks but also reliably
preserves its versatility on general-purpose benchmarks without catastrophic for-
getting. Upon integrating the data synthesized by our engine, we observe a sub-
stantial performance surge across all spatial reasoning tasks compared to the re-
spective baseline, with improvements typically ranging from 5.4 to 9.5 points.
These consistent gains across diverse metrics strongly suggest that OpenSpatial
fosters a holistic understanding of 3D geometry rather than merely overfitting to
specific spatial patterns. Particularly noteworthy are the results on BLINK, Al-
lAngles, and MMSI, where our models achieve remarkable leaps exceeding 10
points. This significant margin allows us to outstrip existing spatial intelligence
models by a wide gap, serving as a strong testament to the unparal-
leled quality and diversity of our generated data. From a model-centric
perspective, we observe that Qwen3-VL-8B exhibits superior compatibility with
our training data. This can be largely attributed to the integration of SigL.IP [60]
as the vision encoder, which significantly bolsters the model’s visual perception
and allows for a more nuanced spatial understanding of complex 3D scenes. How-
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ever, we also identify a clear performance bottleneck in certain desktop-level and
outdoor scenarios. This marginal improvement is primarily attributed to the cur-
rent data distribution skew, and we intend to actively broaden our data coverage
to encompass these complex environments in future iterations.

Table 2: Comparison with open-source datasets for spatial reasoning. ‘—’ indicates the
difference from the . MAD: Mean Deviation; Std. Dev.: Standard Deviation.
Note: The subset of OpenSpatial is constructed independently and does not include
any data from SenseNova-SI.

Data source ‘Data size‘MAD Std. Dev.‘BLINK AllAngles ERQA VSI 3DSR MMSI CV-3D RealWorldQA
Cambrain-S [54] 590k -6.0 5.4 54.1(-10.1) 48.6 (-5.3) 39.2(-3.0) 57.0 49.7(-4.4) 29.2(-7.1) 75.3(-17.9) 68.1(-2.6)
SenseNova-SI [7] 800k | -6.5 7.0 |59.7 (-4.5) 47.5(-6.4) 38.0(-4.2) 55.0(-2.0) 48.9 (-5.2) 36.3 69.0(-24.2) 65.1(-5.6)

VST [53] 500k | -2.8 39 [61.4(-28) 50.7(-3.2) 422 44.6(-12.1) 54.1 32.4(-3.9) 93.2 70.6(-0.1)
OpenSpatial(subset)| 500k | -2.5 14 |642 53.9 41.3(-0.9) 43.0(-14.0) 52.0(-2.1) 34.7(-1.6) 91.8(-1.4) 70.7

Comparative Study with Open-source Data: For a fair quality assessment,
we benchmarked a scale-matched subset of OpenSpatial against open-source
datasets. We specifically excluded SenseNova-SI-800k to focus on the intrinsic
quality of our generated data. Following a unified training protocol based on
Qwen2.5-VL, the comparative results are reported in Tab. 2. Statistical analysis
reveals that OpenSpatial and VST both emerge as versatile and well-rounded
datasets, achieving competitive stability and the narrowest mean gaps (—2.5 and
—2.8, respectively) across all benchmarks. In contrast, while Cambrian-S and
SenseNova-SI show larger overall fluctuations (Mean Deviation: —6.0 to —6.5
and Standard Deviation: 5.4 to 7.0), they exhibit specialized proficiency in niche
domains, such as the VSI and MMSI benchmarks. This performance pattern
highlights a clear data complementarity: while our engine prioritizes a broad and
consistent spatial understanding. SenseNova-SI-800k exhibits localized strengths
on specific benchmarks that complement our broad coverage, thus we integrate
it in OpenSpatial to further bolster performance in specialized scenarios and
achieve a more versatile spatial understanding

Module Reasonability: In this section, we evaluate the effectiveness of in-
dividual modules within our data engine. To ensure consistency, we reproduce
the ablation datasets using ScanNet as the source, with each set maintained at
approximately 200k samples. As shown in Tab. 3, shifting from a box-centric
to a point-cloud-centric representation leads to varying degrees of performance
degradation. This is further illustrated by qualitative examples on the right side
of the table: partial point clouds fail to represent the complete geometry of ob-
jects, leading to inaccurate data generation, particularly for spatial measurement
tasks. Furthermore, the filtering mechanism is crucial for box-centric design. Due
to visual occlusion (exemplified by the red boxes), failing to filter such cases in-
troduces hallucinations and significantly undermines model performance.

Quantitative Validation of 3D Lifting: We evaluate 3D lifting quality on 30
randomly sampled ScanNet scenes using EmbodiedScan annotations as reference
(Table 4). After filtering, precision reaches 80.2%. We prioritize precision over
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Table 3: Rationality Analysis of Module Design.

Setting: data size(200k) ‘ BLINK  AllAngles VSI  CV-3D

N

I

Qwen2.5-VL-7TB 55.3 50.1 36.0 73.8 i
i

+Point Cloud Centric 57.2 49.7 37.2 83.7 !
-+3D-Box Centric 60.3 53.2 41.7 89.9 !
+3D-Box Centric (no filter) 56.6 47.0 32.1 78.2 |

Partial Rep-PCD  Integrated Rep-3DBox Box Filtering

recall to ensure downstream VLM training reliability. Table 5 ablates all QA
data from 3D lifting on Qwen2.5-VL, showing consistent gains.

Table 4: 3D Lifting Quality. Table 5: Ablation: Lifting Data.
Config. (ScanNet) Precision. (%) Recall (%) Config. BLINK AllAngles ERQA VSI
Before Filter 76.3 67.9 w/o 64.3 56.2 41.8 55.2
After Filter 80.2 67.5 w 65.9 58.4 41.8 56.7

Table 6: Ablation on data scaling. Color Map: worst to best .

Data Size ‘ 3D-Avg ‘ BLINK  AllAngles ERQA VSI 3DSR MMSI CV-3D RealWorldQA

20% 57.6 64.9 55.0 41.0 51.8 52.0 34.7 91.8 69.5
40% 58.5 66.2 56.8 42.1 52.4 52.9 35.8 91.0 1.1
60% 58.6 66.9 56.7 42.0 53.2 52.3 36.0 92.1 70.7
80% 59.2 66.2 59.7 41.2 53.5 53.0 37.6 91.5 70.5
Full 59.7 65.9 58.4 41.8 56.7 54.3 39.6 92.5 68.3

4.3 Scalability Evaluation

Data Scaling: We perform category-wise downsampling on both spatial reason-
ing data and general data, utilizing Qwen2.5-VL as our base model. The results,
as summarized in Tab. 6, reveal that while individual benchmarks may not ex-
hibit a strictly monotonic increase with data scaling, the 3D-Avg metric shows a
consistent positive correlation. This trend suggests that increasing data vol-
ume systematically enhances the model’s comprehensive spatial rea-
soning capabilities. However, we also observe that the rate of performance gain
diminishes as the data scale grows, indicating that further improvements in
spatial intelligence require exponentially larger datasets.

Data Source Scaling: Existing 3D datasets are constrained by a limited num-
ber of scenes and a heavy bias towards indoor environments. To further scale
the data volume and enhance scene diversity, we develop a robust 3D lifting
pipeline capable of reconstructing 3D scenes from in-the-wild video data, while
simultaneously generating comprehensive annotations including semantic tags,
masks, and 3D bounding boxes. Fig. 4 illustrates our annotation results on an
uncurated outdoor video. As shown, our pipeline not only recovers the scene
geometry (point clouds) with high fidelity but also produces accurate tags and
boxes, effectively meeting the stringent requirements for 3D spatial understand-
ing data production. Leveraging this pipeline, we are able to significantly scale
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Table 7: Ablation on model scaling. Dark blue : best result. Light blue : second best.

Model Size | 3D-Avg | BLINK AllAngles ERQA VSI 3DSR MMSI CV-3D RealWorldQA
OpenSpatial-Qwen2.5-VL-3B | 56.1 | 61.0 53.0 40.0 552 478 320 94.0 66.0
OpenSpatial-Qwen2.5-VL-7B 59.7 65.9 58.4 418 567 543 396 925 68.3
OpenSpatial-Qwen2.5-VL-32B ~ 61.3 68.2 63.3 440 573 553  39.8 93.4 69.3

Fig. 4: Visualization of 3D lifting results from in-the-wild outdoor web data.

our dataset to unprecedented diversity and volume. Tab. 8 demonstrates the ef-
fectiveness of the spatial understanding data produced solely from web-sourced
data via our 3D lifting pipeline.

Model Scaling: Investigating model size is equally crucial for spatial under-
standing, as models with larger parameter scales possess greater representative
capacity to internalize and organize complex spatial knowledge. As illustrated
in Tab. 6, we evaluate the performance of Qwen2.5-VL across various scales,
including 3B, 7B, and 32B parameters, under identical data configurations. It
is evident that nearly all evaluation metrics exhibit a consistent upward trend
as the model size increases, highlighting the positive impact of model capac-
ity on spatial reasoning tasks. These results further validate the significance of a
scalable data engine. By consistently translating increased data volume into per-
formance gains, our engine demonstrates its ability to provide the high-quality
supervision necessary for advancing the spatial intelligence of VLMs.

4.4 Diversity Evaluation

To provide a granular understanding of how task diversity steers the evolution of
spatial reasoning, we conducted a dual-faceted evaluation as illustrated in Fig. 5.
Task-Specific Contributions and Complementarity: As depicted in the left
heatmap of Fig. 5, individual tasks exhibit heterogeneous performance footprints
across diverse benchmarks. For instance, tasks focused on Spatial Measurement
(SM) yield substantial gains in metric-heavy evaluations, whereas Camera Per-
ception (CP) tasks predominantly bolster the model’s ability to decode extrinsic
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Performance Gain Analysis by Task Type Incremental Task Composition Performance Analysis

)

Overall Average Performance

Fig. 5: Impact of diverse tasks on spatial intelligence. Best zoomed in.

parameters and ego-motion, leading to significant improvements in benchmarks
requiring precise viewpoint awareness. This divergence underscores that our task
library is not redundant but rather possesses a strong complementary architec-
ture, where each task targets a unique dimension of spatial cognition.

Incremental Synergy and Compositional Trends: Moving to the right
panel of Fig. 5, we investigate the cumulative impact of incremental task integra-
tion. The results reveal a compelling compositional synergy: with the increment
of the task diversity, the model’s comprehensive capabilities scale accordingly.
We observe occasional, localized performance plateaus or slight "dips" upon the
introduction of certain task combinations; these are likely attributed to data
distribution shifts or the interference of gradient directions during multi-task
optimization. However, the overarching trajectory remains unmistakably posi-
tive. The orange "Overall Average" curve maintains a steady and robust ascent,
signifying that increased task diversity effectively mitigates the limitations of
single-task learning and fosters a more holistic and resilient spatial intelligence.

Table 8: Effectiveness of data source scaling. [
We independently validate the effectiveness o
of our 3D lifting data.
[ &
Setting: 200k ‘BLINK 3DSR CV-3D RealWorldQA 4 dmermediar
Qwen2.5-VL-7B| 553  49.0  73.8 68.1
+3D Lifting 622 543  87.9 71.8 Fig. 6: Efficiency breakdown.

4.5 Efficiency Evaluation

To enhance the efficiency of our data production pipeline, we implemented a
series of systematic optimizations. First, parallel processing was applied across
most components to maximize throughput. Second, we leveraged message queues
to enable asynchronous execution between consecutive stages; this pipelining
strategy allows the current stage to perform inference on a batch while the pre-
ceding stage simultaneously processes the next. Finally, for tasks sharing com-
mon intermediate features, we developed an automatic reuse mechanism to avoid
redundant computations and further streamline the workflow. The performance
gains resulting from these efficiency optimizations are illustrated in Fig. 6.
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5 Conclusion

In this work, we introduce OpenSpatial, a principled data engine that shifts the
focus from static datasets to a transparent, scalable infrastructure for spatial
intelligence. By establishing a 3D box-centric paradigm, the OpenSpatial engine
serves as a vital bridge between sparse 2D visual cues and intrinsic 3D metric
properties, providing a viewpoint-invariant foundation that was previously con-
fined to closed-source pipelines. This engine not only enables the synthesis of our
OpenSpatial-3M dataset—which achieves state-of-the-art performance across di-
verse MLLM architectures—but more importantly, it establishes a sustainable
foundation for producing diverse spatial data across multiple sources organized
into five hierarchical task categories, allowing for continuous expansion and re-
finement of spatial understanding. By open-sourcing OpenSpatial, we aim to
democratize the creation of high-quality data, serving as a robust cornerstone
for the community to advance embodied Al and robotics.
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