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Figure 1. Guided by taxonomy of spatial intelligence [7], we scaled spatial data to construct SenseNova-SI-8M, which we leverage to
investigate the impact of data scaling on cultivating spatial capabilities in various MLLMs. The four subfigures at the corners elaborate
SenseNova-SI’s performance on four core spatial capabilities (i.e., Perspective-taking, Spatial Relations, Metric Measurement, and Com-
prehensive Reasoning). Through data scaling, SenseNova-SI surpasses open-source models and even outperforms GPT-5 in specific spatial
abilities, such as Perspective-taking. The lines denote the average performance across benchmark subtasks within each capability, while
the shaded regions (confidence bands) represent £0.5 standard deviation. At center, we show SenseNova-SI achieves state-of-the-art
(SoTA) results on five recent spatial intelligence benchmarks (VSI, MMSI, MindCube, ViewSpatial, and SITE) while maintaining strong
performance on a general multimodal benchmark (MMBench-En).

Abstract ing and generation models (i.e., Bagel). We take a princi-

pled approach to constructing high-performing and robust

Despite remarkable progress, multimodal foundation mod- spatial intelligence by systematically curating SenseNova-
els still exhibit surprising deficiencies in spatial intelli- SI-8M: eight million diverse data samples under a rigor-
gence. In this work, we explore scaling up multimodal ous taxonomy of spatial capabilities. SenseNova-SI demon-
foundation models to cultivate spatial intelligence within strates unprecedented performance across a broad range
the SenseNova-SI family', built upon established multi- of spatial intelligence benchmarks: 68.8% on VSI-Bench,

modal foundations including visual understanding models 43.3% on MMSI, 85.7% on MindCube, 54.7% on ViewSpa-
(i.e., Qwen3-VL and InternVL3) and unified understand- tial, 47.7% on SITE, 63.9% on BLINK, 55.5% on 3DSR, and
72.0% on EmbSpatial, while maintaining strong general

I'This paper is based on the v1.1 version of SenseNova-SI.
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multimodal understanding (e.g., 84.9% on MMBench-En).
More importantly, we analyze the impact of data scaling,
discuss early signs of emergent generalization capabilities
enabled by diverse data training, analyze the risk of overfit-
ting and language shortcuts, present a preliminary study on
spatial chain-of-thought reasoning, and validate the poten-
tial downstream application. All newly trained multimodal
foundation models are publicly released.

1. Introduction

In recent years, multimodal foundation models [3, 15, 74]
have achieved groundbreaking progress across a wide spec-
trum of tasks. However, it has become evident that even
the most advanced models still struggle with spatial intel-
ligence: the ability to understand, reason about, and act
within three-dimensional space, which is fundamental to
embodied AGI that can perceive, adapt to, and interact with
the physical world. Interestingly, such tasks are often con-
sidered trivial for humans [7]. One of the key limitations
lies in the scarcity and imbalance of spatially grounded data.
While recent efforts have introduced a surge of large-scale
datasets targeting various facets of spatial reasoning, these
resources remain fragmented and heterogeneous in scope
and quality. Consequently, the community is still in the
early stages of understanding how multimodal foundation
models acquire and develop spatial intelligence, and what
strategies are effective in fostering this capability.

In this work, we aim to provide timely insights into
cultivating spatial intelligence within state-of-the-art mul-
timodal foundation models by leveraging their powerful
generalist backbones and scaling up diverse data collec-
tions. Our study investigates the data scaling laws of
spatial intelligence through extensive experiments on the
widely adopted InternVL3 multimodal foundation model
family [74], and further extends the analysis to Qwen3-
VL [3] as well as Bagel [15], a unified understanding and
generation model. We envision the resulting models, de-
noted by the SenseNova-SI prefix, as open research plat-
forms to advance studies in spatial intelligence. To pre-
serve compatibility with existing research pipelines, we de-
liberately avoid altering the original architectures of the
base models. Instead, we adopt a data-centric approach,
emphasizing the role of data scaling and training strate-
gies as the primary drivers of spatial understanding capabil-
ity. Our systematic collection and synthesis of spatial data
are guided by a principled taxonomy of fundamental spa-
tial intelligence capabilities [7], resulting in eight million
samples (named SenseNova-SI-8M) spanning five key do-
mains: Metric Measurement (MM), Spatial Relations (SR),
Mental Reconstruction (MR), Perspective-taking (PT), and
Comprehensive Reasoning (CR). We analyze a diverse col-
lection of public datasets for spatial intelligence, followed
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by strategic further scaling that places a special focus on
perspective-taking, an underrepresented capability that is
critical to spatial intelligence, while isolated from general
multimodal capabilities [33].

We evaluate the SenseNova-SI foundation models across
a broad suite of benchmarks, including VSI-Bench [64],
MMSI [67], MindCube [70], ViewSpatial [31], SITE [57],
BLINK [20], 3DSR [39], and EmbSpatial [16], follow-
ing continued training on our comprehensive spatial in-
telligence data collection. The models achieve state-of-
the-art performance among open-source models of com-
parable sizes, with the best performance achieving 68.8%
on VSI-Bench, 43.3% on MMSI, 85.7% on MindCube,
54.7% on ViewSpatial, 47.7% on SITE, 63.9% on BLINK,
55.5% on 3DSR, and 72.0% on EmbSpatial, while retaining
their original strengths on general multimodal understand-
ing benchmarks such as MMBench-En (84.9%). Our anal-
ysis reveals several key findings: (1) Scaling law of spatial
intelligence. We systematically investigate how spatial in-
telligence scales under mixed data regimes. Our analysis
reveals distinct scaling behaviors across spatial capabilities
and model sizes, and suggests that the observed saturation
trends may signal that future advances require paradigm
shifts built upon and beyond SenseNova-SI. (2) Emergent
generalization through diverse data. We report surprising
findings that point to early signs of emergent spatial in-
telligence: models trained on one set of spatial tasks ex-
hibit nontrivial transfer to seemingly unrelated tasks, and
demonstrate extrapolation to longer spatial contexts beyond
the training distribution. (3) Robustness against overfitting
and shortcuts. Through controlled experiments and circu-
lar test designs, we rigorously validate that SenseNova-SI
genuinely acquires spatial capabilities rather than exploit-
ing memorization, annotation biases, or unintended short-
cuts in the training data. (4) Spatial chain-of-thought (CoT)
may not be effective. We construct and evaluate three repre-
sentative text CoT schemes and reinforcement learning, but
find that they cannot reliably improve spatial reasoning be-
yond what is achieved through simple QA-style data scal-
ing. These results suggest that extending text-based CoT
paradigms to spatial intelligence is non-trivial and may re-
quire fundamentally different reasoning mechanisms. (5)
Downstream task validation. To assess the practical utility
of SenseNova-SI, we apply SenseNova-SI to robotic ma-
nipulation tasks without any finetuning, and achieve no-
table performance improvements on EmbodiedBench [65],
demonstrating the potential of SenseNova-SI as a founda-
tion for embodied Al (elaborated in Sec. H).

In summary, we introduce the SenseNova-SI series of
multimodal foundation models, which achieve new state-of-
the-art performance across major spatial intelligence bench-
marks. Our study further validates that data scaling gov-
erns the progression of spatial intelligence. We envision



SenseNova-SI as a strong, robust baseline that future re-
search can build upon to drive deeper advances.

2. Related Works

2.1. Multimodal Foundational Models

Recent studies [7, 33, 71] reveal that while models like
GPT-5 demonstrate strong planar reasoning capabilities,
they still lag significantly behind humans in Spatial Intel-
ligence (SI). Furthermore, EASI [7] shows that the perfor-
mance gap between open-source and closed-source models
on SI tasks is relatively small. These findings motivate us to
enhance the spatial intelligence of widely used open-source
models (e.g., QwenVL series [2—4, 54] and InternVL se-
ries [11, 56, 74]). This not only enables fairer comparisons
among models of similar scale but also facilitates the com-
munity’s direct use of our models for downstream tasks,
(e.g., VLA [28, 65, 75]), with minimal substitution costs.

2.2. Multimodal Models for Spatial Intelligence

Efforts to enhance spatial intelligence in multimodal mod-
els primarily follow two approaches: leveraging 3D ex-
perts or curating spatial-specific datasets. As spatial in-
telligence is inherently linked to 3D vision, an intuition is
to employ 3D expert encoders that infer key 3D attributes
from images [12, 51, 59]. Spatial-MLLM [59] incorpo-
rates VGGT [53] as an input-level encoder to capture 3D
information, while VLM-3R [17] integrates 3D information
using combined geometry and camera-view tokens. Re-
cently, 3DThinker [12] aligns model-generated 3D features
with VGGT-derived supervision at the output level. Con-
versely, some studies [9, 13, 60, 63] inject visual-spatial
knowledge through dataset curation and training paradigm.
Spatial VLM [9] pioneered this direction by synthesizing
2B VQA samples focused on two-object spatial relation-
ships. SpaceR [43] uses RL for spatial reasoning, while
MindCube [70] explores SFT and RL using QA and two
types of cognitive maps. SpatialLadder [32] constructs a
dataset with 26K samples and introduces a three-stage pro-
gressive training strategy. Concurrently, VST [66] adopts a
two-phase training approach, using 4.1M samples for SFT
on spatial perception and 135K samples for RL on spatial
reasoning. Cambrian-S [68] develops VSI-590K dataset
and employs a four-stage training framework to progres-
sively enhance spatial video understanding. In this work,
we systematically scale datasets targeting core spatial capa-
bilities [7], addressing key gaps in existing datasets, partic-
ularly the previously overlooked perspective-taking tasks.

3. Data

The limitations in spatial intelligence mainly stem from
high-quality, diverse data scarcity. In this work, we strate-
gically scale data to expand coverage toward holistic spatial
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intelligence, rather than merely increasing data volume.

3.1. Task Taxonomy

We adopt a principled approach, following the EASI [7]
protocol to decompose spatial intelligence into key funda-
mental capabilities. We focus on five capabilities that are
closely aligned with real-world scenarios. For each, we an-
alyze the core cognitive operation and derive tasks to ensure
comprehensive coverage. Figure 2 illustrates the dataset
constructed under this taxonomy.

Metric Measurement (MM). MM involves a basic under-
standing of the physical scale and typical object sizes. We
include distances estimation between the camera and ob-
jects and pairs of objects, and size estimation across scales
from individual objects to entire scenes.

Spatial Relations (SR). We define SR as the ability to
impose and reason within a 3D coordinate system. In
egocentric, local level of view, it unfolds into front-back,
left-right, and up—down relations between subjects. In
global, scene level, these relations extend to near—far and
relative scale (large—small) comparisons.

Mental Reconstruction (MR). MR infers 3D object struc-
ture from limited 2D observations. We adopt a diagnostic
task, which identifies which side of an object is visible. This
requires the integration of sparse 2D cues to infer 3D geom-
etry and align views in a canonical object-centric frame.
Perspective-taking (PT). PT addresses reasoning with
changing camera viewpoints. We construct PT tasks in a
progressively more challenging hierarchy:

View Correspondence establishes correspondences of
points or objects across views, recognizing entities under
changes in viewpoint, scale, and occlusion.

Camera Motion Reasoning infers relative camera motion
between views, linking observational changes to camera
transformations in the 3D space.

* Allocentric Transformation simulates viewpoint shifts
and express spatial relations across coordinate systems,
including camera, object-target, and self-oriented views.

This layered design ensures that PT goes beyond pattern
matching across images, encouraging the model to build in-
ternal representations of how observations transform with
viewpoint changes.

Comprehensive Reasoning (CR). CR tasks involve coor-
dinating multiple spatial capabilities with extended memory
and multi-step reasoning. Such data is scarce and often lim-
ited to simple scenarios. As these tasks lie beyond our main
goal of scaling spatial QA and core spatial capabilities, we
reuse existing datasets as a lightweight complement.

3.2. Data Sources

General QA. We collect a set of open-source general-
purpose QA datasets for 2D image understanding. Specif-



General QA CLEVR(series) SAT MultiSpa ViCA VSI-590K Further Scaling
| 1 == s I L
Open3D-VQA REL3D  GRiD-3D MindCube VLM3R
Scale
0 500K ™
- _— m ¥
Non-SI rounding MM SR PT Correspondence PT Camera Motion PT Allocentric Transformation MR CR

[Dist. Cam-Obj] How far is the.

annotated point from the camera in
millimeters? - /926" mm.

[Front-Back] Which of the two points

is farthest from the camera?
- Point B.

[Dist. Cam-Obj] Calculate the distance
from the nearest point of “chair to the
camera in meters. - 1.7 m.

[Dist. Obj-Obj| How far apart are
“monitor’ and ‘telephone’ based on their
center points? - 0.50 m.

[Size Obj] Measure the maximum edge
length of ‘toaster’.
~034m.

[Size Scene] Determine the total area of
this room in square meters.

[Front-Back] In terms of proximity to
the camera, which is closer: a table or
asofa? - Table.

[Above-Below] Is the centerpoint of

dining table higher than the countertop?
- No.

[Near-Far] Whic
“lamp': closet’, "be
“laundry hamper”

Db /
[Large-Small] Which object's longest
edge is shorter, the dishwasher or the
fireplace? - dishwasher.

PT Correspondence

[Corr Point] Match the point from
image 1 with the correct point in
image 2. - A.

0.56, 0.62] in image 1 is at which bbox
in image 22 - D. [0.52, 0.10, 0.6, 0.32].

7‘ w7 =8 N
[Corr Objeet] What object exists in
both images?

- Bag.

[Corr Scene] Select the image that
shows the same scene as the reference
scene. - B,

PT Camera Motion

PT Allo. Trans.

[Obj Reconstruction] Suppose Image |
shows the front side of the cereal box.
Which side of it is shown in image 27

- Front-Right.

[Cam Trans. Dir.] While capturing
image 1, where do'l find the other
camera (image 2)? - Lefi-Back.

[Cam View] Looking at image 2, where
can you find the sink?
- Right-Back.

[Obj Reconstruction] Suppose Image |
shows the front side of the bottle. Which
side of it is shown in image 27

- Back-Righ.

[Obj-Target View] If 1 am standing by
stove and facing electrical outlet, where
i faucet? - Right-Back.

[Cam Trans. Dist.] What' the
‘measurement of the camera's movement
vector's length? - /131" mm.

[Obj-Orient View] When I stand at
stove facing the same direction as it,
where is fridge relative to me? - Right.

[Cam Rotation Dir.] From image I to2,
what s the correct camera rotation?
- Rotate to right, look up.

[Route Planning] These are frames of a
video. You are a robot beginning at the
ottoman facing the storage organizer.
You want to navigate to the radiator.
You will perform the following actions
(Note: for each [please fillin], choose
either ‘turn back,‘turn left or ‘turn
right.): 1. [please fill in] 2. Go forward
until the dresser. You have reached the
final destination. — turn back.

[Object Counting] These are frames of
a video. How many lamp(s) are in this
room? -2,

2 p
[Cam Rotation Dir.] From image 1 to 2.
‘What is the rotation direction?

- Rotated to the Left.

[Obj-Orient View] Which egocentric
view image correctly matches the
exocentric view? - C.

[Hypothetical View] A person is facing
north when plugging in phone charger.
‘Where is the pet bed relative to the
‘microwave? — Southwest.

[Cam Rotation Deg.] What s the total
vertical rotation angle from one shot to
another? — 15 degrees.

appear in the video?
— C. table, tv, sink, oven.

Figure 2. SenseNova-SI-8M reorganizes 4M open-source data and scales 4.5M additional data, according to fundamental spatial capbili-
ties [7]. It covers general visual understanding (Non-SI), 2D grounding, and five core spatial abilities: Metric Measurement (MM), Spatial
Relationship (SR), Perspective-Taking (PT), Mental Reconstruction (MR), and Comprehensive Reasoning (CR). Notably, SenseNova-SI-
8M addresses the previously overlooked PT tasks. How data from each source is mapped to the core spatial capabilities is illustrated at
the top (with a scale in the upper-right corner indicating the number of QA pairs), while representative data samples are organized by core
capability. The “Hugging Face” symbol indicates community datasets. The rest are curated for further scaling.

ically, we use VSR [34], SPEC [44], GQA [25], VQA [1],
and IconQA [38], resulting in about 0.6M QA pairs.

Community Datasets on Spatial Intelligence. Among ex-
isting open-source resources, we identify several datasets

that focus on spatial reasoning, including Open3D-
VQA [73], CLEVR-series [27], REL3D [22], SAT [45],
GRiD-3D [30], MultiSpa [63], MindCube [70], ViCA [18],
VLM-3R [17], and VSI-590K [68]. We incorporate all of
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these datasets, yielding in total about 3.3M QA pairs.
Further Scaling on Spatial Intelligence. Building on
these open-source data, we find gaps in task coverage and
data imbalance. MM and SR dominate the data, while
PT and MR remain underrepresented. For point, ob-
ject, scene level correspondence, only MultiSpa provides
point level QAs. Camera motion is also mostly limited
to MultiSpa. Allocentric viewpoint transformation, espe-
cially object-centric and hypothetical views, is largely un-
explored, as real-world QA labels are scarce. Tasks such as
object reconstruction remain unaddressed.

To address these gaps, we leverage richly annotated,
scene-diverse 3D datasets, including MessyTable [6], Scan-
Net [14], ScanNet++ [69], SUN RGB-D [47], CA-1M [29],
Ego-Exo04D [23], and Matterport3D [8], to generate large-
scale, accurate and task-balanced QA pairs. This scaling
process contributes 4.5M data, increasing the overall cor-
pus size to 8.5M QA pairs.

4. Training

We adopt three multimodal foundation models in this study.
Qwen3-VL [3] is the most capable multimodal model in
the Qwen series to date. It adopts a strategy to scale from
language foundation, that expand a strong LLM foundation
to handle vision or audio modalities. InternVL-3 [74] is
natively multimodal, training vision and language jointly
from scratch, thus enables stronger cross-modal alignment,
more efficient scaling, and improved visual-language rea-
soning. Bagel [15] represents a new paradigm of unified
understanding and generation. We include it in our study
to examine whether such unified architectures can acquire
strong spatial understanding capabilities.

Training Scheme. Each foundation model is trained for
one epoch on the same dataset using 128 GPUs with batch
size 2048, taking approximately three days. We employ
AdamW [37] with a learning rate of 5x 10~ for all training
runs. Maximum 16 frames are sampled for video data.

5. Experiments

5.1. Evaluation Benchmarks.

To assess SenseNova-SI under a broad range of scenarios,
we select five newly released benchmarks for a comple-
mentary coverage of spatial intelligence. VSI-Bench [64]
targets video-based visual-spatial reasoning, evaluating the
ability to perceive and understand the 3D layout of indoor
scenes over an extended context. We uniformly sample 32
frames from each video during testing. MMSI-Bench [67]
extends spatial reasoning to multi-image settings, requir-
ing models to integrate spatial cues across multiple views.
MMSI is notably challenging: each question is manually
crafted by researchers rather than mass-generated through
templates. MindCube [70] targets mental modeling of
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scenes from limited observations, probing the ability to re-
construct occluded spaces and simulate viewpoints. Fol-
lowing the official setup, we train and evaluate on the non-
overlapping MindCube-10K and MindCube-Tiny respec-
tively. ViewSpatial-Bench [31] isolates multi-perspective
localization, evaluating a model’s perspective-taking ability
to reason across egocentric (camera) and allocentric (human
or object) viewpoints. SITE [57] provides a broad cog-
nitive coverage, unifying over thirty datasets that span di-
verse facets of spatial intelligence. We adopt SITE to assess
the generalization ability of SenseNova-SI, as it consists of
highly abstract test cases. BLINK [20] covers Perspective-
taking tasks such as visual correspondence and multi-view
reasoning. 3DSR [39] evaluates spatial reasoning on natu-
ral images. Its paired-view setup further tests model robust-
ness. EmbSpatial [16] targets on egocentric views, assess-
ing object relation reasoning in embodied scenes.

5.2. Main Results

We compare SenseNova-SI against leading open-source and
proprietary multimodal models. As shown in Tab. 1, we
observe three key findings: (1) SenseNova-SI outperforms
all general open-source models by clear margins, and even
surpasses strong proprietary ones such as GPT-5 [42], re-
vealing persistent knowledge gaps in existing foundation
models. (2) SenseNova-SI also achieves superior perfor-
mance over all dedicated spatial-intelligence models, sug-
gesting that algorithmic innovation alone may be premature
when the benefits of large-scale spatial data have not yet
been fully realized. Notably, SenseNova-SI surpasses two
recent strong baselines (VST [66] and Cambrian-S [68])
even when using comparable amounts of training data
(Fig. 1) and a smaller model (2B parameters). We attribute
these gains to the inclusion of extensive perspective-taking
data, which is central to spatial intelligence. (3) While
InternVL3 [74], Qwen3-VL [3], and Bagel [15] exhibit
slightly different behaviors, SenseNova-SI consistently im-
proves upon all three families. This further validates the
effectiveness of our scaling strategy across diverse architec-
ture designs and pretraining paradigms.

Moreover, we include model performance on general un-
destanding benchmarks (MMBench-EN [35], MMStar [10],
AI2D [24], OCRB [36], DocVQA [41], MMVP [50],
V* [61], MMMU [72] and Vid-MME [19]) in Tab. 8, and
find that data diversity is crucial: incorporating a wide
coverage of multimodal data and varied general knowl-
edge sources effectively mitigates catastrophic forgetting
and preserves overall multimodal competence.

5.3. Scaling

Effectiveness. As shown in Fig. 1, scaling spatial in-
telligence data leads to steady improvements across all
key capability dimensions. We highlight three observa-



Models Avg.  VSI-Bench [64] MMSI-Bench [67] MindCube* [70] ViewSpatial [31] SITE [57] BLINK [20] 3DSR [39] EmbSpatial [16]

Metric MRA, Acc Acc Acc Acc CAA Acc Acc Acc
Human - 79.2 97.2 94.5 - 67.5 95.67 95.7 90.33
Random Choice - 34.0 25.0 33.0 26.3 0.0 38.09 458 25.0
Proprietary Models

Seed-1.6-2025-06-15 [48] 54.2 49.9 38.3 48.8 439 54.6 65.9 56.9 75.4
Gemini-2.5-Pro-2025-06 [49] 58.0 53.6 38.0 57.6 46.1 57.1 73.5 59.3 78.8
Grok-4-2025-07-09 [62] 533 479 37.8 63.6 432 47.0 56.4 54.9 75.5
GPT-5-2025-08-07 [42] 58.8 55.0 41.8 56.3 45.6 61.9 68.0 60.3 81.6
Gemini-3-Pro-Preview [21] 63.8 52.5 45.2 70.9 50.4 62.3 76.0 68.9 84.3
Open-source General Models

Bagel-7B-MoT [15] 453 314 31.0 34.7 41.3 37.0 63.6 50.2 73.1
Qwen2.5-VL-3B-Instruct [4] 39.1 27.0 28.6 37.6 32.0 33.1 48.7 435 62.3
Qwen2.5-VL-7B-Instruct [4] 43.1 323 26.8 36.0 36.9 37.6 55.9 475 71.8
Qwen3-VL-2B-Instruct [3] 44.6 50.4 28.9 345 37.0 35.7 53.2 475 70.1
Qwen3-VL-8B-Instruct [3] 50.6 579 31.1 29.4 422 45.8 66.7 53.9 71.7
InternVL3-2B [74] 39.8 33.0 26.5 37.5 32.6 30.0 50.8 47.7 60.1
InternVL3-8B [74] 457 42.1 28.0 41.5 38.7 41.1 53.5 443 76.3
Open-source Spatial Intelligence Models

MindCube-3B-RawQA-SFT [70] 22.0 17.2 1.7 51.7 24.1 6.3 35.1 2.8 37.0
SpatialLadder-3B [32] 40.9 44.9 27.4 43.5 39.9 28.0 43.0 42.8 58.2
Spatial-MLLM-4B [59] 35.6 46.3 26.1 335 34.7 18.0 40.5 36.2 50.0
SpaceR-7B [43] 41.8 41.6 27.4 38.0 359 343 49.6 40.5 66.9
ViLaSR-7B [60] 43.7 44.6 30.2 35.1 35.7 38.7 51.4 46.6 67.3
VST-3B-SFT [66] 47.7 51.4 28.8 36.0 52.9 359 58.8 48.7 69.0
VST-7B-SFT [66] 50.8 55.5 325 39.7 50.5 39.7 61.9 53.1 73.7
Cambrian-S-3B [68] 42.0 56.1 27.0 38.4 41.0 31.0 37.7 41.4 63.5
Cambrian-S-7B [68] 45.1 62.9 27.1 37.9 413 36.1 37.9 45.0 72.8
Ours

SenseNova-SI gagel.78-MoT 48.6(+3.3)  41.5(+10.1) 34.5(+3.5) 46.8(+12.1) 46.9(+5.6)  42.0(+5.0) 65.4(+1.8) 42.4(-7.8) 69.0(-4.1)
SenseNova-SI qwens.vL-88 58.1+7.5)  64.8(+6.9) 38.1(+7.0) 73.8(+44.4) 51.2(+9.0) 49.6(+3.8) 61.9(-48) 53.2(-0.7) 72.5(-5.2)
SenseNova-SI mernvis-2s 49.4(+9.6) 63.7(+30.7) 34.2(+7.7) 41.8(+4.3) 52.7(+20.1) 36.8(+6.8) 52.4(+1.6) 50.5(+2.8) 62.8(+2.7)
SenseNova-SI pternvr3-s8 61.5(+15.8)  68.8(+26.7) 43.3(+15.3) 85.7(+44.2) 54.7(+16.0)  47.7(+6.6) 63.9(+104) 55.5(+11.2)  72.0(-4.3)

Table 1. Evaluation on key spatial intelligence and general benchmarks. All results are evaluated on EASI [7], using the official EASI-8
protocol. MindCube™ denotes MindCube-Tiny. Dark purple highlights the best result and light purple indicates the second-best result
within Proprietary and Open-source models, respectively.

-B.

[Obj-Orient View
(Ego-Exo4D)]

Which egocentric
view image

correctly matches
the exocentric view?

i

[SITE Mov&Nav-Maze|

How many right turns

are there in the provided
path (marked by Blue)
from S (green block) to E
(red block)?

-C 2

90.4%

[MMSI Pos-Cam-Cam]|

Camera was facing the
west side of the room
when the first picture
was taken, which
direction is the camera
facing in the room when
the second picture is
taken?

— C. North.

N\ 23.8%

[Cam Rotation
(MessyTable)]

From image 1 to 2.
What is the rotation

direction?

- Rotated to the Left.

[MMSI Pos-Cam-Cam]

Camera coordinate
system +Y up, -Z
forward, right-handed.
How can the first image
be obtained from the
second image?

— A. Rotate a positive
angle around the Y axis.

N 66.7%

[MMSI Attr-Appr]

How many different
drawers with a width
greater than their
height appear in total?

-D. 5.

N\ 25.6%

Figure 3. Observations on generalization ability from a single data source and single task. The upper example demonstrates how training
on ego-exo association task enhance performance on task required imagined first-person perspectives. The lower example demonstrates
how a camera rotation task, based on cross-view visual correspondence, generalizes to tasks with distinct questions and visual appearances.
These findings suggest the potential existence of meta-tasks in PT, which may enable related spatial capabilities.
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tions: (1) Data mixing is highly effective. By aggregat-
ing a wide collection of public datasets and further en-
larging the spatial intelligence corpus, SenseNova-SI sur-
passes existing 7B spatial-intelligence baselines with mod-
els one size smaller (2B) under comparable data budgets.
(2) Model size impacts capability trends. While InternVL3
2B and 8B variants exhibit similar performance trajecto-
ries on MM, SR, and CR tasks, their behaviors diverge
sharply on PT tasks. We hypothesize that the 2B model
lacks sufficient capacity to robustly learn viewpoint trans-
formations: a challenging but essential component of spa-
tial intelligence. (3) Capability-wise differences reveal
data-driven gains. Proprietary models such as GPT-5 [42]
are notably strong on SR, yet show clear deficiencies in
PT. In contrast, SenseNova-SI-InternVL3-8B convincingly
outperforms GPT-5 on PT, benefiting from the large-scale,
comprehensive perspective-taking data introduced during
continued scaling. Interestingly, even though we include
very limited CR data during training, SenseNova-SI still
gradually surpasses GPT-5 in CR performance. This sug-
gests the presence of capability synergy, where advances in
fundamental spatial tasks (e.g., PT and SR) transfer to more
complex reasoning skills (more discussions in Sec. 5.4).
Saturation. As shown in Fig. 1, the performance gains
gradually diminish as the amount of training data increases.
While it remains unclear whether continued scaling will
eventually reach a tipping point that triggers stronger emer-
gent capabilities (though we note some early signs dis-
cussed in Sec. 5.4), we concur with the broader community
that data scaling alone is unlikely to achieve human-level
spatial intelligence [68]. Motivated by this, we commit to
fully open-sourcing the weights of SenseNova-SI, allowing
the community to bypass the costly scaling stage and in-
stead focus on advancing algorithmic innovation on top of
a strong, spatially capable foundation.

5.4. Capability Emergence

We present interesting observations from scaling that may
suggest early signs of emerging spatial intelligence.

Spill-Over. Large-scale mixed-domain training inevitably
exposes models to a broad distribution of scenarios, making
it increasingly difficult to determine whether downstream
improvements stem from genuine, generalizable spatial rea-
soning or from incidental overlap with training data. To
more rigorously examine spatial capability spill-over, we
therefore conduct controlled experiments in which models
are trained on a single dataset and evaluated on tasks drawn
from entirely different domains. As shown in Fig. 3, we ob-
serve clear emergence and transfer of spatial understanding
across tasks. The view-transformation dataset, constructed
from Ego-Exo4D [23], requires models to translate be-
tween egocentric and exocentric viewpoints—forcing them
to infer cross-view geometric relationships. This abil-
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Model Benchmark # Frames
16 32 64 128
— VSI [64] 58.6 63.61 664 675
Cambrian-S-78 [68] VSI-Debiased [5] 49.7 556 59.1 59.9
SenseNovaSI VSI [64] 646 687 688 663
IntemVL3-8B  y/SI-Debiased [5] 58.9 62.8 624 59.7

Table 2. Ablation on inference frames. Our model was trained
on maximum 16 frames per sample, while Cambrian-S-7B [68]
was trained on 64/128 frames. SenseNova-SI demonstrates strong
extrapolation capabilities beyond the training number of frames.
Interestingly, SenseNova-SI shows a clear lead over Cambrian-S-
7B [68] on two benchmarks, even with fewer frames at inference.

Models Standard Soft cir. Hard cir. w/o. Vis.
Gemini-3-Pro-Preview [21] 70.9 75.4 59.6 39.7
MindCube-SFT-RawQA [68] 51.7 45.8 23.1 50.7
SenseNova-SI inemvi3-88 85.6 84.0 75.6 52.5

Table 3. Analysis on MindCube [70]. Soft cir. and Hard cir. stands
for Soft circular and Hard circular following [7]. w/o. Vis. indi-
cates testing without visual as input, following [52].

ity transfers strongly to downstream tasks such as Maze
Pathfinding [57] and Pos-Cam-Cam [67], both of which
depend on sequential viewpoint simulation and aggregat-
ing information across views. Similarly, the dataset built
from MessyTable [6] images requires models to identify
shared objects and infer spatial relationships between two
viewpoints. This yields notable gains on benchmark sub-
categories such as MMSI [67] Pos-Cam-Cam and Attr-
Appr, both of which rely on robust spatial correspondence
identification between paired images.

Extrapolation. A surprising observation is that although
SenseNova-SI is trained with at most 16 frames per sam-
ple, it generalizes effectively to sequences of 32 frames
or more at inference time, as shown in Tab. 2. This sug-
gests that SenseNova-SI learns to construct coherent spa-
tial structure rather than merely repeating patterns confined
to the supervised training window. Interestingly, while
SenseNova-SI does not continue to extrapolate beyond 64
frames, unlike Cambrian-S [68], which is explicitly trained
with much longer context windows of 64 or 128 frames,
SenseNova-SI nevertheless achieves performance compara-
ble to Cambrian-S while using substantially fewer frames
at inference. This indicates that SenseNova-SI possesses a
stronger spatial understanding capability that enables it to
form meaningful connections across larger temporal gaps,
without relying on densely sampled frame sequences.

5.5. Overfit and Shortcut Analysis

Recent studies [5] have shown that multimodal models can
exploit language shortcuts to answer questions without gen-



Model #Token VSI-Bench
InternVL3-8B 1.0 42.1
Train set: Rel. Dir. Subset

No CoT 34 40.6
CoT-GPT-5 1175.5 26.5
CoT-MindCube-Aug-CGMap 3940.7 17.0
CoT-SenseNova-SI-CGMap  2534.5 31.8
Train set: Full set (QA + CoT)
CoT-SenseNova-SI-CGMap  190.8 49.2

+ RL (GRPO) 1299.2 43.1

Table 4. Impact of training schemes involving text-based Chain-
of-Thought (CoT) and reinforcement learning on VSI-Bench.

uine visual reasoning. To ensure that the improvements of
SenseNova-SI are not due to overfitting to QA text, we con-
duct targeted analyses on VSI [64] and MindCube [70].

The recently proposed VSI-Debiased [5] is a specifically
designed variant of VSI to eliminate text-only shortcuts by
removing questions that can be answered correctly with-
out visual understanding. As shown in Tab. 2, when eval-
uated on VSI-Debiased, SenseNova-SI exhibits a substan-
tially smaller performance drop compared to Cambrian-S-
7B [68], indicating that SenseNova-SI relies less on textual
heuristics and more on spatially grounded understanding.

For MindCube, we follow the protocol in [52] and eval-
uate models without visual inputs. Surprisingly, as shown
in Tab. 3, the previous open-source SOTA on MindCube,
MindCube-RawQA-SFT [70] achieves a score of 50.7 with-
out any images, which is almost identical to its performance
with full visual inputs, revealing a heavy dependence on
language priors rather than visual reasoning.

In contrast, SenseNova-SI drops from 85.6 to 52.5 in the
no-vision setting, validating that it genuinely uses visual in-
formation rather than relying on language shortcuts. No-
tably, both models converge to a score around 50 in the ab-
sence of images, underscoring the importance of debiasing
benchmarks, as argued in VSI-Debiased [5].

To further verify that SenseNova-SI does not overfit
to text option ordering, we conduct circular tests [7, 33,
35], which reorders the choices in the questions to elim-
inate dependency on certain text patterns. As reported
in Tab. 3, SenseNova-SI exhibits minimal degradation un-
der the Soft circular test [33]. Even in the Hard circu-
lar test [35], which requires robust handling of all rota-
tions of answer choices, SenseNova-SI drops 10 points,
whereas MindCube-RawQA-SFT drops nearly 30 points.
This demonstrates that SenseNova-SI is far less sensitive
to superficial text patterns.

5.6. Spatial Chain-of-Thought

Chain-of-Thought (CoT) [58] has become the de facto ap-
proach for complex reasoning tasks. However, despite nu-
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merous recent attempts [26, 55, 67, 70], incorporating CoT
variants typically yields only marginal gains (often ~2%),
which are consistently overshadowed by improvements de-
rived from large-scale curated spatial datasets.

In Tab. 4, we present a preliminary evaluation of dif-
ferent CoT styles. We examine three paradigms: (1) CoT-
GPT-5, which directly uses a large language model (GPT-
5 [42]) to annotate CoT given the question and ground-truth
answer; (2) CoT-MindCube-Aug-CGMap, which follows
MindCube [70] and constructs a JSON-style cognition map
(CogMap) within the CoT; (3) CoT-SenseNova-SI-CGMap,
our extended CogMap that provides step-by-step tracking of
objects across frames, maps them to a world coordinate sys-
tem with precise (rather than coarse-grid) coordinates, and
reasons about relative spatial relationships more explicitly.
(4) CoT-SenseNova-SI-CGMap, followed by followed by
reinforcement learning based on GRPO [46].

We train each variant on roughly 100K examples, rea-
sonably large compared to typical CoT studies, and evaluate
on VSI's Object Relative Direction task, a challenging sub-
set known to impede strong baselines such as InternVL3.
We find that (1) our elaborated CoT achieves the highest
improvement among the three, but (2) all CoT variants yield
limited absolute gains, insufficient to justify their computa-
tional overhead, especially given the extra tokens required
during both training and inference. (3) RL does not yield
clear performance gains over a strong baseline. We hypoth-
esize RL in LLM may not be readily helpful for spatial rea-
soning as long text may not be ideal for spatial reasoning:
as discussed in Sec. J, we discover that long spatial CoT
is prone to inconsistency and internal mistakes, that under-
mines the performance.

Our findings suggest that while carefully engineered
CoT can offer modest benefits, text-based reasoning alone
may be neither the most efficient nor the most effective
paradigm for spatial intelligence. This may signal the need
for a broader paradigm shift beyond conventional CoT.
Moreover, multimodal RL for spatial reasoning remains
largely underexplored, in line with SpatialReasoner [40].

6. Conclusion

In this work, we validate the effectiveness of scaling spatial
intelligence across multiple multimodal foundation models,
and achieve significant performance gains across the board.
We further validate that the enhanced foundation models re-
tain their general capabilities, and start to develop general-
ization capabilities that were not possible without training
on large-scale, diverse data. We hope our study lays a solid
foundation for future research on developing spatial intelli-
gence in multimodal foundation models.
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