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Abstract

Large vision-language models (VLMs) show strong mul-
timodal understanding but still struggle with 3D spatial
reasoning, such as distance estimation, size comparison,
and cross-view consistency. Existing 3D-aware methods ei-
ther depend on auxiliary 3D information or enhance RGB-
only VLMs with geometry encoders through shallow fea-
ture fusion. We propose SpaceMind, a multimodal large
language model trained on SpaceMind-700K for spatial
reasoning from RGB inputs. The model adopts a dual-
encoder architecture integrating VGGT as a spatial under-
standing encoder and InternViT as a 2D visual encoder. The
key idea is to treat the camera representation as an active
guiding modality rather than passive metadata. Specifi-
cally, SpaceMind introduces a lightweight Camera-Guided
Modality Fusion module before the language model to re-
place shallow fusion. It applies camera-conditioned bias-
ing to spatial tokens, assigns query-independent weights
reflecting their geometric importance, and uses the cam-
era embedding to gate the fused representation. Empiri-
cally, SpaceMind establishes new state-of-the-art results on
VSI-Bench, SQA3D and SPBench, surpassing both open
and proprietary systems on VSI-Bench and SPBench by
large margins and achieving state-of-the-art performance
on SQA3D. These results demonstrate that camera-guided
modality fusion is an effective and practical inductive bias
for equipping VLMs with genuinely spatially grounded in-
telligence. We will release code and model checkpoints to
support future research.

1. Introduction

Humans perceive space not merely by seeing, but by
understanding from where they see. This coupling be-
tween visual observation and viewpoint underlies our abil-
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Figure 1. Performance on VSI-Bench across different spatial rea-
soning categories. SpaceMind achieves consistently strong visu-
ospatial intelligence compared to existing systems.

ity to estimate distances, compare sizes, infer connec-
tivity, and navigate unfamiliar environments. Endowing
multimodal models with such spatial intelligence [68] is
crucial for a wide range of applications. However, de-
spite remarkable progress in large language models (LLMs)
[6, 7, 28, 45, 48, 49, 56, 57, 63, 76] and multimodal large
language models (MLLMs) [1-3, 9, 19, 20, 26, 34, 39]
on open-ended reasoning, instruction following, and long-
context understanding, recent studies consistently show that
they struggle with explicitly 3D-aware tasks, such as metric
comparison, layout inference, and multi-view consistency.
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Existing approaches to spatially grounded multimodal
reasoning can be roughly grouped into two families. The
first family augments language or vision-language models
with explicit 3D inputs, such as point clouds, depth maps,
reconstructed meshes, or BEV/voxel features [13, 25, 41,
43,61, 71,77, 78, 81, 82]. These methods leverage depth
sensors or multi-view reconstruction pipelines to build 3D
scene representations, which are then encoded and aligned
with language. They can capture rich geometric details, but
inherit several structural limitations: reliance on special-
ized hardware or pre-scanned environments, heavy multi-
stage processing, sensitivity to reconstruction failures and
scale ambiguity, and difficulty scaling to unconstrained in-
the-wild video. The second family, exemplified by recent
3D-aware MLLMs, targets visual-based spatial intelligence
from monocular or multi-view RGB [15, 65]. They typi-
cally combine a general-purpose visual encoder [3, 72] with
a feed-forward geometry encoder [58, 59] and then fuse the
resulting features via simple mechanisms such as MLP pro-
jection or one-stage cross-attention. These designs avoid
explicit 3D supervision and are more scalable, but the way
they integrate spatial cues remains largely ad hoc.

A closer look at these two lines of work reveals a
common limitation. Explicit-3D methods over-commit to
precomputed geometry and do not address how viewpoint
should interact with language-native reasoning. Visual-
based methods, on the other hand, tend to treat all geo-
metric signals—image features, spatial features, and cam-
era information—as if they belonged to a single homoge-
neous feature space. In practice, camera-related signals
are often appended as auxiliary embeddings or implicitly
blended into fusion layers. This conflation ignores a prin-
ciple long emphasized in 3D vision [27, 35, 51, 58, 74]:
camera (ego/viewpoint) and scene (allocentric content) play
fundamentally different roles.

Motivated by this insight, we present SpaceMind, a
large vision-language model explicitly designed for 3D spa-
tial reasoning from RGB inputs. SpaceMind treats the cam-
era representation as a dedicated modality that guides how
spatial information is injected into the visual stream, rather
than as a passive conditioning vector. Concretely, Space-
Mind uses a visual encoder [9] and a spatial encoder [58] to
obtain semantic and geometry-aware tokens, and introduces
a Camera-Guided Modality Fusion (CGMF) module before
the language model. CGMF applies camera-conditioned
biasing over spatial tokens, a query-independent spatial
importance weighting, and camera-conditioned gating on
fused features, making the role of the camera explicit in
the fusion process while preserving the interface of stan-
dard VLMs. This design is intentionally simple—built from
standard components—but aligns viewpoint, spatial cues,
and semantics within a unified multimodal framework. Em-
pirically, SpaceMind achieves a new state of the art on VSI-

Bench [68], with a clear margin over existing open and pro-
prietary systems, and delivers comparable or superior per-
formance on other spatial reasoning benchmarks such as
SQA3D [40] and SPBench [55], indicating strong gener-
alization across datasets and task formats. In summary, our
contributions are four-fold:

¢ We propose SpaceMind, a camera-guided multimodal
large language model tailored for 3D spatial reasoning
from visual observations.

* We identify a key conceptual gap in prior work: existing
fusion paradigms often conflate camera and scene fea-
tures, whereas explicitly treating the camera representa-
tion as a guiding modality leads to more coherent and ro-
bust spatial reasoning.

* We introduce a simple yet effective Camera-Guided
Modality Fusion (CGMF) module that integrates camera,
spatial, and visual tokens within a unified framework.

* We show that SpaceMind achieves new state-of-the-art
performance across diverse spatial reasoning datasets and
tasks, consistently outperforming all prior methods.

2. Related Work
2.1. MLLMs for Image and Video Understanding

Multimodal large language models extend large lan-
guage models to vision and other modalities by aligning
visual and textual tokens in a shared embedding space.
CLIP [50] and ALIGN [1] learn joint image-text representa-
tions via contrastive pretraining, enabling strong zero-shot
transfer. Flamingo [1] and BLIP-2 [34] introduce token-
level or feature-level fusion modules (e.g., Q-Former, cross-
attention bridges) to couple frozen LLM backbones with vi-
sion encoders, while instruction-tuned systems such as the
LLaVA family [31, 32, 37, 38, 75], MiniGPT-4 [79], Qwen-
VL [3], and Intern VL [9] further enhance open-ended visual
QA. Recent video MLLMs [36, 42, 54, 64, 73] extend these
designs to temporal inputs through spatiotemporal pooling,
causal attention over frame tokens, or long-context architec-
tures, and achieve strong performance on video understand-
ing benchmarks.

Despite their success, these models are mostly opti-
mized for semantic and temporal understanding rather than
geometric reasoning. They typically treat videos as se-
quences of 2D observations, with little explicit modeling of
camera motion, global scene layout, or cross-view consis-
tency. As a result, they perform well on recognition-style
tasks but remain unreliable for metric judgments or lay-
out reconstruction, motivating architectures with stronger
inductive bias toward 3D spatial understanding.

2.2. 3D Visual-Based Spatial Intelligence

A growing body of work aims to endow multimodal
models with 3D awareness. One line adopts explicit 3D
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inputs [13, 25, 41, 43, 61, 71, 77, 78, 81, 82]: models take
point clouds, meshes, RGB-D scans, or voxel-style features
as input and align them with language using Q-Formers,
3D detectors, or volumetric aggregation. These approaches
demonstrate strong 3D grounding when high-quality ge-
ometry is available, but rely on depth sensors or recon-
struction pipelines, making them sensitive to reconstruction
errors and less scalable to unconstrained Alongside these
sensor-dependent designs, a second line of work including
SpaceR [47] and VILASR [66] attempts to elicit 3D reason-
ing directly from existing VLMSs without introducing addi-
tional geometry encoders. Operating in the same RGB-only
regime as our setting, these methods keep the native visual
backbone mostly frozen and instead rely on carefully en-
gineered data and training strategies, but improvements on
rigorous spatial benchmarks remain modest.

monocular video.

Complementary work such as VLM-3R [15] and
Spatial-MLLM [65] augments VLMs with geometry-aware
encoders that infer spatial tokens and camera tokens from
images or short videos, followed by lightweight fusion lay-
ers. These approaches demonstrate clear improvements on
spatial benchmarks [40, 68], validating the value of inject-
ing geometric priors. Yet, their fusion mechanisms typically
mix camera and scene tokens within a shared space via sim-
ple concatenation or single-stage cross-attention, without
explicitly modeling their distinct roles. Our work follows
the same RGB-only, geometry-augmented paradigm but in-
troduces a fusion design where the camera representation
serves as an explicit guiding modality for spatial tokens.

2.3. 3D Reconstruction from Images

Progress in 3D reconstruction [29, 44, 62, 74] pro-
vides the geometric priors that many 3D-aware multimodal
systems exploit. Classical pipelines based on Structure-
from-Motion [52] and Multi-View Stereo [ 18] recover cam-
era poses and dense depth through feature matching, bun-
dle adjustment, and volumetric or patch-based aggregation,
but require multi-stage optimization and often assume con-
trolled capture conditions. Learnable MVS approaches,
such as MVSNet and its variants [23, 69], predict per-view
depth or cost volumes under known cameras, improving ef-
ficiency and accuracy while still depending on calibrated
multi-view input.

Feed-forward visual-geometry models such as DUSt3R
[60], MASt3R [30], and VGGT [58] directly infer pixel-
wise 3D correspondences, point maps, and camera parame-
ters from image pairs or short sequences, often without re-
quiring explicit calibration. By casting reconstruction as a
single forward pass of a transformer-style backbone, these
models relax assumptions on camera poses, scale to in-the-
wild data, and unify tasks such as depth estimation, cam-
era pose recovery, and dense point cloud reconstruction.

Such advances disentangle camera (viewpoint) and scene
(geometry) representations and make it practical to obtain
geometry-aware spatial tokens and camera tokens from or-
dinary RGB sequences, motivating architectures like Space-
Mind that focus on fusing these signals to support reliable
spatial reasoning in multimodal language models.

3. Method

We propose SpaceMind, a multimodal large language
model for spatial reasoning from RGB inputs. As illus-
trated in Figure 2, SpaceMind treats language, vision, and
camera viewpoint as three complementary modalities, each
with distinct roles in spatial reasoning. Unlike prior work
that conflates these signals, SpaceMind explicitly separates
them: language provides semantic context, vision captures
appearance, and camera encodes the geometric perspective
from which the scene is observed. Rather than folding cam-
era information into the visual or spatial stream as auxiliary
metadata, SpaceMind exposes it as a first-class modality
that actively shapes how geometric evidence is injected into
the language backbone. We describe the overall architec-
ture in Sec. 3.1 and the proposed Camera-Guided Modality
Fusion (CGMF) module in Sec. 3.2.

3.1. SpaceMind Architecture

Given a text prompt 7" and an image sequence {I;}¥,,
SpaceMind routes inputs through three modality-specific
streams before language generation.

Visual stream. A ViT-based visual encoder e,, (InternViT-
300M [80]) extracts per-frame semantic tokens:

fo=e({Ii})), fo € RV¥Moxde, (1)

Spatial and camera streams. A feed-forward spatial en-
coder e; (VGGT [58]) simultaneously produces geometry-
aware patch tokens and a per-frame camera token encoding
the viewpoint:

f87 fczgs({Ii}i]\Ll) (2

Here f, € RV*M:xds carries allocentric scene geometry,
while f. € RVX1*ds encodes the egocentric viewpoint of
each frame—two signals that 3D reconstruction models [58,
60, 74] have shown benefit from explicit disentanglement.
Modality fusion and language generation. The three
streams are combined by the CGMF module F', whose out-
put preserves the shape of the visual tokens so that the pre-
trained LLM backbone g (InternVL3-8B [80]) requires no
architectural changes:

ffused = F(fIM fs» fC)7 ffused S RNXMdevy (3)
R = g(ffusem T) 4)

Design principle. Prior geometry-augmented VLMs [15,
65] concatenate camera tokens with spatial tokens and pass
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Figure 2. Overall pipeline of SpaceMind. Given a text prompt and an image sequence, a visual encoder produces semantic visual tokens,
while a spatial encoder produces geometry-aware tokens together with per-frame camera tokens that summarize viewpoint information.
The proposed Camera-Guided Modality Fusion (CGMF) module takes these three streams as input: it uses camera tokens to modulate
spatial tokens, estimates their relative importance, and injects the resulting spatial cues into the visual tokens. The fused, view-aware visual
tokens preserve the original token shape expected by the multimodal LLM, enabling SpaceMind to be trained end-to-end on RGB-only
data while remaining compatible with standard VLM architectures and enhancing their 3D spatial reasoning ability.

the result through a single fusion stage, collapsing view-
point and scene into one homogeneous sequence. CGMF
instead exposes the camera as a dedicated control modality:
fe first conditions how spatial tokens represent the scene
from the current viewpoint, then gates how strongly the en-
riched spatial evidence influences the visual backbone—
a role analogous to how language governs attention in
instruction-following VLMs, but operating over geometry.

3.2. Camera-Guided Modality Fusion (CGMF)

The CGMF module F' takes f,, fs, and f. as input and
returns fused features of the same shape as f,,. The module
realizes the camera-as-modality principle through three suc-
cessive operations: (i) camera-conditioned spatial encod-
ing, (ii) geometry-reliability weighting, and (iii) camera-
conditioned output gating.

Projection into a shared space. All inputs are first pro-
jected into a shared attention space of width d,:

Q = Po(LN(f2)),
V= PV(LN(fs))a

C:PC’(fc)’ (5)

where Q € RV*XMexda  [{ ) ¢ RNXMsxda and C' €
RNXlea.

(i) Camera-conditioned spatial encoding. Rather than
treating spatial keys and values as view-agnostic features,

we re-centre them with respect to the current camera. A
small MLP jointly processes each spatial token with its
frame-wise camera token to produce a geometric bias B,
which is added to both K and V:

B, = MLP([LN(f,), C

expand])
K<+ K+B;, V+V+5B, 6)

N XM xd,
eR s a7

This lets the model encode viewpoint-dependent geometric
structure directly into the attention memory.

To further make the camera modality visible across all
frames, we build a cross-frame camera memory by tiling
C across the frame axis, adding sine positional encodings
to index frame order, and reinforcing the diagonal (current-
frame) entry with a learnable embedding e.,. The resulting
C € RN*Nxda ig prepended to the key—value memory so
that visual queries can directly attend to viewpoint informa-
tion from any frame:

K =[C; K], V'=[C;V]. (7
(ii) Geometry-reliability weighting. Geometric predic-
tions are not uniformly reliable across a scene: occluded
regions, textureless surfaces, and depth discontinuities all
yield noisier estimates. Motivated by the per-pixel confi-
dence maps in DUSt3R [60] and VGGT [58], we predict a

16814



—> SwiGLU Fusion Network < —l SwiGLU Fusion Network
: * Fusing Feature I Output
I Cross Attention & Linear & LayerNorm I
| Query Key  Value |
| VSTV -
| ey ey ey ey Fused Feature Visual
| .‘ .‘ .‘ .‘ .‘ Feature
. 5 Geometric
: Linear Linear MLP T é
f f Linear *
LayerNorm LayerNorm Tokenweight Sw.lGLU SwiGLU
I Linear Gate
| 4 4 i Gulded $ 8
Fusin Camera
I — Visual Feature Spatial Feature C +—— Camera Feature Featurge Feature

C Tensor Concatenate

@ Tensor Addition

@ Tensor Multiplication

Figure 3. The architecture of the CGMF module. CGMF takes visual tokens f,,, spatial tokens fs, and camera tokens f. as input, and
outputs fused visual tokens with the same shape as f,. The camera features are leveraged to refine the construction of geometric residuals,
which further guide the cross-attention fusion between visual and spatial features. In addition, the SwiGLU Fusion Network follows the
SwiGLU mechanism to achieve efficient multimodal feature fusion under the guidance of camera information.

scalar importance weight for each spatial token purely from
the spatial branch, providing a query-independent prior that
down-weights unreliable geometric evidence before atten-
tion is computed. Concretely, spatial tokens undergo a
lightweight self-attention pass for context aggregation, and
the result is fed through an MLP to yield per-token weights:

W; = o (MLP(SelfAttn(f,) + fs)) € RV*Mex1 . (8)

Only the spatial slots of V' are rescaled by W;; the N
prepended camera memory slots are left unmodified, so that
viewpoint information is never suppressed by the geometric
reliability filter. Visual queries then attend over the condi-
tioned memory:

f=Attn(Q, K', V') e RNxMoxda, )

(iii) Camera-conditioned output gating. After project-
ing f back to the visual feature space, the camera modal-
ity makes one final contribution: it controls how strongly
the spatially enriched features modify the visual backbone’s
representation. Inspired by SwiGLU [11, 53], we de-
rive a per-frame gate g from the camera summary C' =
squeeze(C):

g = Swish(P, 1(C)) @ P, 2(C) € RN* (10)

and apply it as a residual modulation over the projected out-
put:

frusea = PLLN(Po(f))) ® g[:. None, 5] + f,. (1)

The gate g is produced entirely from the camera modality,
so its magnitude reflects how informative the current view-
point is for spatial reasoning—naturally amplifying the spa-
tial contribution when viewpoint provides strong geometric
cues and suppressing it otherwise.

Overall, CGMF instantiates the camera-as-modality
principle at three levels of the fusion pipeline: it shapes
the geometric content of spatial tokens (i), filters their re-
liability (ii), and calibrates their influence on the visual
backbone (iii). These three operations work synergisti-
cally: the camera first re-centers spatial geometry to the
current viewpoint, then the reliability filter ensures only
trustworthy geometric evidence is propagated, and finally
the camera-conditioned gate controls how strongly this ev-
idence modifies the visual representation. All operations
are built from standard components—MLPs, self-attention,
cross-attention, and SwiGLU gating—and require no ar-
chitectural changes to the LLM backbone, preserving full
compatibility with standard VLM training and inference
pipelines.

4. Experiments

4.1. Implementation Details

Backbone. SpaceMind adopts InternVL3-8B [80] as the
language model backbone and its paired image encoder,
InternViT-300M [80], as the visual encoder. For geometric
understanding, We adopt VGGT [58] to ensure a fair com-
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Table 1. Evaluation on VSI-Bench [68]. SpaceMind sets a new state-of-the-art, achieving the best average score and outperforming all

prior models on every individual subtask, often by a large margin.

Methods Avg. Numerical Question Multiple-Choice Question

Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order
Proprietary Models (API)
GPT-5 [46] 55.0 533 344 73.3 47.5 63.7 48.6 50.2 68.9
Gemini-2.5 Pro [21] 53.5 46.0 373 68.7 54.3 61.9 439 474 68.7
Gemini-3 Pro [22] 56.0 49.0 42.8 71.5 41.8 56.6 57.5 61.9 60.0
Grok-4 [67] 479 37.1 329 60.8 454 53.1 39.6 474 66.8
Open-source VLMs
InternVL3-78B [80] 48.5 71.2 53.7 444 39.5 55.9 39.5 28.9 54.5
LLaVA-NeXT-Video-7B [75]  35.6 48.5 14.0 47.8 242 43.5 424 34.0 30.6
LLaVA-NeXT-Video-72B [75] 40.9 489 22.8 574 353 424 36.7 35.0 48.6
QWen2.5VL-7B [4] 33.0 40.9 14.8 434 10.7 38.6 385 33.0 29.8
LLaVA-OneVision-7B [31] 324 47.7 20.2 474 12.3 42.5 352 29.4 244
LLaVA-OneVision-72B [31] 40.2 43.5 239 57.6 375 42.5 399 325 44.6
Specialized Spatial Reasoning Models
Spacer [47] 45.5 57.8 28.2 59.9 47.1 40.1 45.4 335 52.1
ViLaSR [66] 454 63.5 34.4 60.6 30.9 48.9 45.2 30.4 49.2
Spatial-MLLM [65] 48.4 65.3 34.8 63.1 45.1 413 46.2 335 46.3
VLM-3R [15] 60.9 70.2 49.4 69.2 67.1 65.4 80.5 454 40.1
SpaceMind (Ours) 70.2 73.9 61.5 77.6 74.8 67.7 88.6 46.9 70.7

parison, following prior work such as Spatial-MLLM [65].
This shows that the performance gains stem from architec-
tural design rather than backbone capacity.

Training setup. The model is fine-tuned for two epochs
on SpaceMind-700K, which aggregates VLM-3R-data [15],
ViCA-322K [17], and the training split of SQA3D [40].
During fine-tuning, we freeze both the visual and spatial en-
coders, fully update the proposed CGMF module, and apply
Low-Rank Adaptation (LoRA) [24] with rank 256 and scal-
ing factor 512 to the InternVL3-8B language model back-
bone. We employ a cosine learning-rate scheduler with an
initial learning rate of 2 x 107° and a warm-up ratio of
0.03, and train with a global batch size of 64. The full train-
ing process required roughly 25 hours on a cluster of 64
NVIDIA H100 (80GB) GPUs.

Data preprocessing. For both training and inference,
SpaceMind uniformly samples 34 frames from each scene,
discards the first and last frames, and uses the remaining 32
frames as input. Each image is resized to 448 x 448 for In-
ternViT and zero-padded to 518 x 518 for VGGT, following
its original configuration.

4.2. Evaluations

We evaluate SpaceMind on three benchmarks, including
VSI-Bench [68], SQA3D [40] (in-domain), and SPBench
[33] (out-of-domain). We will release code and model
checkpoints to support future research.

Evaluation on VSI-Bench. VSI-Bench [68] contains over
5,000 questions curated from ARKitScenes [5], ScanNet

[10], and ScanNet++ [70]. It comprises two answer for-
mats—Numerical Answer (NA) and Multiple-Choice An-
swer (MCA)—covering eight subtasks: object counting,
relative direction, absolute distance, route planning, object
size, room size, relative distance, and appearance order.
Following the official protocol, we evaluate NA with rel-
ative accuracy and MCA with mean accuracy. As shown in
Table 1, SpaceMind attains the best score on all eight sub-
tasks and raises the overall average to 70.2, an improvement
of 9.3 over the strongest prior baseline (VLM-3R-7B, 60.9).
Gains appear in both NA and MCA groups: measurement-
oriented tasks (absolute/relative distance, object/room size)
improve consistently, while view-integration tasks show es-
pecially large gains on relative direction and appearance
order. Data-centric RGB-only baselines such as SpaceR
[47] and VILASR [66], which keep the visual backbone
largely fixed and focus on curriculum design, achieve aver-
ages of only 45.5 and 45.4 respectively—barely matching
a generic VLM and still performing poorly on geometry-
heavy subtasks like absolute/relative distance and appear-
ance order—indicating that training and data tricks alone
are insufficient to elicit robust 3D reasoning from 2D fea-
tures. Geometry-augmented models such as Spatial-MLLM
[65] and VLM-3R [15] narrow the gap by introducing ex-
plicit spatial tokens, but their one-stage fusion of cam-
era and scene representations still leaves substantial head-
room: they remain notably weaker than SpaceMind on
view-integration metrics such as relative direction and es-
pecially appearance order. In particular, appearance or-
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Table 2. Evaluation on SQA3D [40] Test Split. SpaceMind achieves the best performance across most question types and establishes a
new state of the art on both EM@1 and EM @RI, despite using video-only inputs while many existing methods rely on richer modalities.

Method TestSet EM@1 EM@R1 | Video-Input Only
What Is How Can Which  Others |
PQ3D [82] 37.1 61.3 44.5 60.9 47.0 45.1 47.1 49.3 No
3D-VisTA [81] 34.8 63.3 454  69.8 472 48.1 48.5 50.9 No
LEO [41] 39.0 63.9 449 66.2 477 51.1 50.0 524 No
SIG3D [43] 35.6 672 485 71.4 49.1 45.8 52.6 54.4 No
Scene-LLM [61] 40.9 69.1 450 708 472 52.3 54.2 56.2 No
ChatScene [25] 45.4 67.0 520  69.5 499 55.0 54.6 57.5 No
Video-3D LLM [77] 51.1 724 555 69.8 51.3 56.0 58.6 60.8 No
SpaceMind (Ours) 54.1 748  61.7 71.0 51.9 53.6 61.1 63.8 Yes

Table 3. Evaluation on SPBench [33]. All models are evaluated without using SPBench training data. SpaceMind achieves the best
performance on both SPBench-SI and SPBench-MV, outperforming general-purpose VLMs and prior spatial models by a clear margin.

Methods SPBench-SI SPBench-MV Overall
NQ MCQ Avg. NQ MCQ Avg.
Proprietary Models
GPT-40 [26] 24.5 60.3 424 40.7 59.4 50.1 46.2
Gemini-2.0-Flash [12] 49.0 60.4 54.7 51.9 50.7 51.3 53.0
Open-Source Models
InternVL-2.5-4B [8] 31.8 53.3 42.6 37.7 514 44.6 43.6
InternVL-2.5-8B [8] 28.3 56.3 423 373 47.5 42.4 423
Kimi-VL-A3B [14] 25.7 449 353 233 57.6 40.5 37.9
LLaVA-OneVision-7B [31] 254 41.0 332 20.6 49.6 35.1 34.2
Qwen2.5-VL-7B [4] 36.3 60.5 48.4 28.9 49.8 39.3 439
Qwen2.5-VL-3B [4] 24.3 56.2 40.3 25.6 53.2 39.4 39.8
Spatial Reasoning Models
Video-R1 [16] 27.7 62.0 449 32.5 53.0 42.8 43.8
SpaceR-7B [47] 357 61.5 48.6 63.2 53.7 58.5 53.5
VILASR-7B [66] 36.6 63.7 50.2 56.2 59.6 57.9 54.0
Spatial-MLLM-4B [65] 38.1 493 43.7 63.7 58.9 61.3 52.5
SpaceMind (Ours) 66.3 53.2 59.7 76.2 70.5 73.8 67.3

der shows a lead of nearly 30.6 points, which is the largest
increase among all subtasks. This suggests that explicitly
conditioning spatial tokens on the camera signal helps con-
solidate cross-view evidence and stabilize ordering judg-
ments across viewpoints, while route planning also exhibits
a smaller but consistent increase.

Evaluation on SQA3D. SQA3D [40] is a situated 3D
question-answering benchmark built from reconstructed in-
door scenes in ScanNet [10]. It provides textual situa-
tions and questions that require localizing an egocentric
viewpoint and reasoning about nearby objects, relations,
and navigation targets. The test split covers diverse ques-
tion templates (What, Is, How, Can, Which, and Others).
We follow the standard protocol and report exact-match
accuracy (EM@1) and its refined variant (EM@RI1). As
shown in Table 2, SpaceMind achieves the best perfor-
mance across most question types and sets a new state of

the art on both metrics, reaching 61.1 on EM@1 and 63.8
on EM@R1. Unlike prior methods that rely on depth, point
clouds, meshes, or other auxiliary modalities, SpaceMind
uses only video inputs. This demonstrates that our camera-
guided fusion can recover strong 3D spatial cues directly
from RGB videos, enabling robust situated reasoning under
realistic video-only settings where dense 3D supervision is
unavailable.

Evaluation on SPBench. We assess out-of-domain gener-
alization on SPBench [33], which is derived from the Scan-
Net [10] validation split via the SpatialLadder-26k pipeline
and contains two subsets: SPBench-SI (single-view) and
SPBench-MV (multi-view). Each subset includes numer-
ical questions (NQ) and multiple-choice questions (MCQ)
spanning absolute/relative distance, relative direction, ob-
ject size, and (for SPBench-MV) cross-view object count-
ing. Following the official protocol, we report mean relative
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Table 4. Ablation Study on VSI-Bench. We systematically analyze SpaceMind’s design choices: (1) the contribution of spatial en-
coding via VGGT, (2) different strategies for integrating camera tokens as a guiding modality, and (3) the components of our proposed
Camera-Guided Modality Fusion (CGMF). Results demonstrate that treating the camera as an independent modality, rather than a passive

conditioning signal, is essential for robust spatial reasoning.

Methods Avg.

Obj. Cnt. Abs. Dist.

Numerical Question
Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order

Multiple-Choice Question

Part 1: Spatial Encoding Baseline

InternVL3-8B ft 63.7 71.0 51.1 74.7 65.4 64.9 732 42.8 66.6
InternVL3-8B + VGGT 64.6 70.1 54.9 72.2 67.4 59.7 82.6 44.6 65.2
Part 2: Camera Integration Strategies

InternVL3-8B + VGGT + ConcatCam 67.4 724 59.1 74.8 70.6 65.8 85.4 44.5 66.6
InternVL3-8B + VGGT + MultiAttn 67.9 73.3 59.9 754 71.0 66.0 85.9 44.3 67.3
Part 3: CGMF Components

InternVL3-8B + VGGT + twMLP 67.8 73.3 58.3 75.4 72.7 66.4 85.2 44.0 67.2
InternVL3-8B + VGGT + twMLP + geoMLP 69.4 73.5 60.7 76.7 74.4 67.9 87.9 45.6 68.4
SpaceMind (full) 70.2 73.9 61.5 77.6 74.8 67.7 88.6 46.9 70.7

accuracy for NQ and accuracy for MCQ; the SI/MV scores
are the arithmetic mean of their NQ and MCQ results, and
the overall score is the average of SI and MV. Importantly,
SPBench is not included in our training data and thus serves
as a genuine out-of-domain evaluation. As shown in Ta-
ble 3, SpaceMind substantially outperforms both general-
purpose VLMs and prior specialized spatial models, estab-
lishing a new state of the art. Notably, on the single-image
subset, SpaceMind outperforms all competing methods by a
clear margin despite being trained exclusively on 32-frame
clips per QA, indicating strong cross-regime transfer and
that our camera-guided fusion remains effective even when
the input collapses to a single view.

4.3. Ablation Studies

Ablation studies are conducted on VSI-Bench to quan-
tify the contribution of each SpaceMind component to 3D
spatial reasoning. All variants follow the same training pro-
tocol described in Sec. 4.1, and the corresponding results
are reported in Table 4. For clarity, the analysis is orga-
nized into three parts: the spatial encoding baseline, camera
integration strategies, and CGMF components.

Part 1: Spatial Encoding Baseline. Directly finetun-
ing InternVL3-8B already achieves a solid 63.7% accu-
racy. Adding VGGT spatial tokens via shallow cross-
attention further improves performance to 64.6%, with no-
tably stronger gains on absolute distance and relative direc-
tion. This clearly establishes that geometric cues are to 2D
visual features and provide measurable benefits.

Part 2: Camera Integration Strategies. We next exam-
ine how camera information should be integrated with spa-
tial and visual features. ConcatCam concatenates camera
tokens with spatial tokens, achieving 67.4%. MultiAttn ap-
plies sequential cross-attention, reaching 67.9%. Both treat
camera as a homogeneous feature stream without explicitly
modeling the distinct roles of viewpoint and scene, resulting

in only modest improvements over the baseline.

Part 3: CGMF Components. We introduce three key in-
gredients to make the camera’s role explicit and structured.
Adding token-weight MLP yields 67.8%, thereby provid-
ing a learned importance prior over spatial tokens. Intro-
ducing geometric MLP raises accuracy to 69.4%, with par-
ticularly substantial gains on viewpoint-sensitive tasks like
relative direction. Finally, the camera-conditioned SwiGLU
gate achieves 70.2%, with consistent improvements across
nearly all subtasks.

Summary. Naive camera integration provides modest
gains, while CGMF’s explicit treatment of camera as a guid-
ing modality yields substantially larger improvements. This
validates our core principle: camera and scene should be
treated as distinct modalities, with the camera actively guid-
ing spatial information injection.

5. Conclusion

We propose SpaceMind, a multimodal large language
model for 3D spatial reasoning that revisits fusion from
a camera-centric perspective.  Rather than collapsing
geometry-related signals into a single stream, SpaceMind
treats the camera representation as a guiding modality and
integrates it via the proposed Camera-Guided Modality Fu-
sion (CGMF) module. CGMF applies a camera-conditioned
biasing, query-independent weighting over spatial evi-
dence, and camera-conditioned gating while preserving the
interface of standard VLMs and operating purely on RGB
inputs. Empirically, SpaceMind achieves a new state of the
art on VSI-Bench with a clear margin and delivers compa-
rable or superior results on other spatial reasoning bench-
marks, indicating that how viewpoint and geometry are
fused is a key factor in visuospatial intelligence.
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