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Abstract. Recent Multimodal Large Language Models (MLLMs) strug-
gle to bridge the representational gap between 2D semantic understand-
ing and 3D spatial geometry. Existing 3D-aware models either rely on
costly 3D-specific data or utilize RGB-only inputs with heuristic sam-
pling and monolithic, shallow fusion, which respectively disrupt essential
spatiotemporal connectivity and induce modality contention across di-
verse spatial tasks. To overcome these bottlenecks, we introduce SpaR3D-
MoE, an end-to-end framework that enables adaptive spatial reasoning
by equipping MLLMs with geometry-aware capabilities from only sparse
RGB inputs. First, we propose an adaptive spatiotemporal manifold
sampling mechanism that constructs a geometry-aware spatiotemporal
graph to extract informative keyframes, effectively mitigating sequence
redundancy while preserving the scene’s topological connectivity. Second,
we introduce the heterogeneous geometry-inductive Mixture-of-Experts
driven by an instruction-pose aware router, which adaptively routes mul-
timodal tokens to specialized experts, resolving the cross-modal con-
tention inherent in monolithic fusion. Extensive experiments on VSI-
Bench, ScanQA, and SQA3D demonstrate that our method achieves
state-of-the-art performance. Notably, SpaR3D-MoE achieves the highest
average score of 63.5 on VSI-Bench, outperforming the strongest base-
line by 7.8 absolute points, alongside relative improvements of 35.4% and
51.4% in Route Plan and Relative Direction tasks, respectively.

Keywords: 3D Spatial Reasoning · Mixture-of-Experts · Multimodal
Large Language Models

1 Introduction

Three-dimensional (3D) spatial reasoning is a cornerstone of Embodied AI, en-
abling agents to understand complex environments, reason about spatial rela-
† Corresponding authors
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Fig. 1: Comparison of 3D spatial reasoning paradigms. Existing methods use
topology-agnostic sampling and static monolithic fusion (a). SpaR3D-MoE selects
sparse keyframes via manifold-based sampling and routes multimodal tokens to spe-
cialized experts (b), achieving strong performance across VSI-Bench spatial tasks (c).

tionships, and ground natural language instructions in real-world contexts [2,47].
While Multimodal Large Language Models (MLLMs) [1, 4, 5, 10, 17, 23, 28] ex-
cel at 2D image and video understanding, extending them to the 3D physical
world is hindered by a fundamental representational gap. Current models strug-
gle with complex tasks like estimating metric distances or navigating spatial
gaps, primarily because bridging 2D visual semantics with geometric 3D real-
world alignments remains a challenge.

To bridge this representational gap, recent efforts have diverged into two
paradigms aiming to map 3D geometric features into the MLLM latent space,
either through explicit 3D structures or implicit visual representations. The first
paradigm explicitly integrates 3D structures (e.g., point clouds, depth maps, or
reconstructed meshes) directly into Large Language Models (LLMs) [7,8,13–16,
34, 47, 48]. These approaches typically lift multi-view RGB-D inputs or recon-
structed scenes into 3D point clouds [14], then employ specialized 3D geometry
encoders (e.g., PointNet++ [27]) to extract geometric features and project them
into the textual latent space. While these explicit geometric priors significantly
benefit physical grounding, this pipeline is fundamentally constrained by its rigid
dependence on acquiring explicit 3D geometric proxies. Moreover, the intrinsic
sparsity of point clouds often leads to the loss of rich visual details, compromising
the fine-grained semantic understanding crucial for comprehensive scene reason-
ing. Conversely, the second paradigm focuses on scalable, 3D-aware MLLMs that
rely solely on RGB sequences [35, 45]. These methods typically adopt a dual-
encoder architecture, using a 2D visual encoder to extract semantic features
and a spatial encoder, often initialized from visual geometry foundation mod-
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els [33], to recover implicit 3D structural features from 2D RGB inputs. Despite
bypassing costly 3D-specific data for easier applicability, this paradigm remains
constrained by heuristic sampling and static, monolithic fusion. Regarding frame
sampling, current methods rely on topology-agnostic selection strategies, such
as rigid uniform sampling or discrete voxel maximization heuristics. By treat-
ing frames as isolated viewpoints, these approaches introduce spatiotemporal
redundancy and overlook the intrinsic spatiotemporal manifold of the 3D scene,
potentially missing critical spatial frames. At the multimodal integration level,
monolithic fusion indiscriminately projects heterogeneous semantic textures and
geometric structures into a shared latent space. Such architectural inflexibil-
ity induces cross-modal contention when faced with diverse task requirements,
thereby hindering fine-grained spatial reasoning, as illustrated in Fig. 1(a).

To address these limitations, we introduce SpaR3D-MoE, a framework that
shifts the paradigm toward adaptive spatial reasoning from sparse RGB inputs,
as illustrated in Fig. 1(b). Specifically, we propose an Adaptive Spatiotemporal
Manifold Sampling (ASMS) mechanism to extract informative keyframes. By
constructing a spatiotemporal graph from viewpoint-dependent geometry and
camera ego-motion, regulated by a motion-aware quality gate, it filters redun-
dancy while preserving essential spatiotemporal connectivity of the scene. Fur-
thermore, to mitigate the cross-modal contention in monolithic fusion, we present
a Heterogeneous Geometry-Inductive Mixture-of-Experts (HGI-MoE). To the
best of our knowledge, this is the first work that introduces MoE architectures
into 3D spatial reasoning. Inspired by the functional specialization of the human
brain [32], this module is driven by an Instruction-Pose Aware Router (IPAR),
which adaptively routes multimodal features to specialized experts based on lin-
guistic intent and camera ego-motion. Crucially, these experts exhibit emergent
specialization, performing varying levels of cross-modal fusion tailored to meet
diverse spatial reasoning requirements. This dynamic dispatching effectively mit-
igates cross-modal interference by establishing disentangled reasoning pathways.
To ensure stable expert convergence, we also introduce a load-balancing loss
function that regularizes the expert assignment and prevents routing collapse.
Extensive experiments on large-scale benchmarks, including VSI-Bench [41],
ScanQA [3], and SQA3D [25], demonstrate that SpaR3D-MoE achieves state-
of-the-art (SOTA) performance, validating its adaptive reasoning across diverse
challenging 3D spatial reasoning tasks from sparse RGB-only views.

The main contributions of SpaR3D-MoE are outlined as follows:

– We propose ASMS mechanism, which constructs a spatiotemporal graph
with a motion-aware quality gate to adaptively extract informative keyframes,
reducing redundancy while preserving manifold connectivity, achieves a 10.6%
improvement over uniform sampling on the VSI-Bench Route Plan task.

– We propose HGI-MoE, which introduces the Mixture-of-Experts paradigm
to 3D spatial reasoning, where an IPAR adaptively dispatches multimodal
features to specialized experts for varying levels of fusion, mitigating modal-
ity contention and robustly fulfilling diverse spatial reasoning demands.
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– Empowered by these designs, we introduce SpaR3D-MoE, an end-to-end
adaptive framework that endows MLLMs with physically-grounded spatial
intelligence from sparse RGB-only views. It achieves SOTA across diverse
benchmarks, notably surpassing the strongest VSI-Bench baseline by 7.8 ab-
solute points, while delivering remarkable relative gains of 35.4% and 51.4%
in complex navigation and fine-grained metric estimation, respectively.

2 Related Work

2.1 Multimodal Large Language Models

Recent Multimodal Large Language Models (MLLMs) [4, 5, 17, 28, 31, 44] have
achieved impressive capabilities in image and video understanding. These mod-
els typically integrate visual encoders with large language models to process and
generate text based on visual inputs. They have been applied in various domains,
including visual question answering and multimodal dialogue systems. However,
while current MLLMs can reason about complex relationships from images and
videos, they struggle to ground these relations in the 3D physical world. Primar-
ily trained on 2D image-text pairs that prioritize semantic content over geometric
structure, these models lack a necessary understanding of 3D spatial relation-
ships and geometry. Consequently, with standard visual encoders compressing
spatial details for semantic alignment [6,30], 2D-based MLLMs often hallucinate
when faced with complex 3D spatial understanding tasks.

2.2 3D-Aware Multimodal Large Language Models

Recent research increasingly leverages pre-trained MLLMs to tackle complex
3D scene understanding and reasoning tasks. Existing methods can be broadly
grouped by how they introduce spatial information. Early works [7,8,13–16,34,
47, 48] mainly rely on 2.5D or 3D representations, such as posed RGB-D data,
point clouds, or voxel grids. Although these explicit geometric inputs provide
strong 3D grounding, their dependence on depth sensors or reconstructed 3D as-
sets limits scalability in RGB-only scenarios. Recent RGB-based methods [35,45]
alleviate this issue by using VGGT [33] to extract implicit 3D geometric fea-
tures from monocular inputs and align them with MLLMs. Other studies im-
prove spatial reasoning from complementary perspectives, such as reinforcement
learning for video spatial reasoning [26] and structured 2D representations for
perception-guided reasoning [49]. Despite these advances, preserving sparse-view
spatiotemporal topology while adaptively fusing visual and geometric features
for diverse spatial tasks remains insufficiently explored. In contrast, our ASMS
adaptively samples sparse keyframes to preserve essential spatiotemporal connec-
tivity, while HGI-MoE dynamically activates specialized experts for task-aware
visual-geometric fusion, thereby enhancing 3D spatial reasoning performance.
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2.3 Mixture-of-Experts Framework

The MoE paradigm has fundamentally transformed the scaling of LLMs by de-
coupling model capacity from inference latency [18,29,37]. By dynamically rout-
ing tokens to a sparse subset of active parameters, these architectures achieve
massive representational power without imposing prohibitive computational bot-
tlenecks. Building on this foundation, recent foundation models [11,38–40] have
further refined sparse routing mechanisms to achieve unprecedented scale and
efficiency in pure language modeling. Beyond text, this paradigm has been ex-
tended to the multimodal domain [20,21], where modality-specific encoders and
multi-stage tuning successfully scale diverse inputs without sparsity degradation.
Motivated by the efficacy of MoE in modeling heterogeneous data, we introduce
a multimodal MoE framework tailored for various complex 3D spatial reasoning
tasks. To accommodate the diverse distributions of data inputs and instructional
intents, our framework dynamically routes features to heterogeneous experts, en-
abling efficient and robust scene comprehension.

3 Methodology

3.1 Problem Formulation and Framework

Let V = {vi}Nk
i=1 denote a continuous sequence of embodied visual observations

capturing a complex 3D environment, and Q represent a natural language in-
struction specifying a spatial reasoning task. Our primary objective is to autore-
gressively decode a precise textual response A = {at}Tt=1.

Processing RGB video sequences for spatial understanding through topology-
agnostic sampling reduces spatiotemporal redundancy but disrupts key topolog-
ical connectivity, while the subsequent shallow and monolithic feature fusion
inevitably leads to cross-modal contention. To overcome these limitations, we
decouple the unified spatial reasoning task into two synergistic sub-problems.
First, we formalize keyframe extraction as an information maximization prob-
lem on the spatiotemporal manifold under a sparsity constraint Nn ≪ Nk. From
the optimal sparse subset Vs ⊂ V, we extract their 2D visual features F2D, 3D
geometric features F3D, and corresponding camera poses P. Subsequently, we
formalize multimodal alignment as a conditional routing policy. We introduce a
routing function ΦMoE that adaptively fuses these heterogeneous features, guided
by the language instruction Q and spatial context from camera poses P. The
unified objective is to maximize the conditional likelihood of the target sequence:

A∗ = argmax
A

T∏
t=1

pθ

(
at | a<t, ΦMoE

(
F2D,F3D | P,Q

)
,Q
)
, (1)

where pθ denotes the probability distribution parameterized by the generative
language decoder FLLM with learnable parameters θ.

Our end-to-end SpaR3D-MoE framework is shown in Fig. 2. First, long videos
are sampled into sparse keyframes utilizing ASMS (Sec. 3.2). Next, visual and
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Fig. 2: Overview of SpaR3D-MoE framework. Given long videos, the ASMS con-
structs a spatiotemporal graph to adaptively distill Nm candidates into Nn informative
keyframes. Along with text instructions, multimodal features are dynamically routed
via the instruction-pose aware router to specialized experts (E0−E3), then aggregated
to drive the MLLM for spatial reasoning.

instruction tokens are encoded by Qwen3-VL [4], while 3D geometric and pose
features are extracted by VGGT [33]. These features are then dynamically dis-
patched to four geometry-inductive experts via IPAR (Sec. 3.3). Finally, the
adaptive multimodal features are projected into the LLM for autoregressive spa-
tial reasoning, jointly optimized with a routing load-balancing penalty (Sec. 3.4).

3.2 Adaptive Spatiotemporal Manifold Sampling

Continuous embodied observations naturally reside on a low-dimensional data
manifold embedded within a high-dimensional multimodal feature space. To pro-
cess these continuous streams with bounded computational overhead, we first
uniformly downsample the Nk-frame video into Nm = 128 candidates, preserv-
ing macroscopic scene topology. Since further rigid uniform sampling to achieve
extreme sparsity (Nn ≪ Nm, e.g., Nn ∈ 8, 16, 32) disrupts this intrinsic con-
nectivity, we introduce the ASMS mechanism, which extracts Nn topologically
crucial keyframes by approximating the manifold via a spatiotemporal graph.

To begin with, we establish a composite distance metric D(i, j) to quantify
the frame-to-frame relations as the edge weights of our spatiotemporal graph.
This metric integrates the relative camera displacement, implicit geometric dis-



SpaR3D-MoE 7

similarity, and temporal distance across any two frames:

D(i, j) = D̄trans(i, j) + γD̄geo(i, j) + ωD̄tmp(i, j), (2)

where D̄trans is the normalized L2 distance of 3D translations from 6D poses
predicted by VGGT [33], serving as a spatial anchor to ensure broad trajectory
coverage. To account for changes in viewing direction, D̄geo captures rotation-
induced variations using cosine similarity of implicit 3D features encoded by
VGGT, preventing redundant sampling at the same position. Meanwhile, D̄tmp

uses normalized temporal interval to preserve temporal progression. We set γ =
0.5 and ω = 0.6 to balance geometric diversity and temporal stability.

Building upon the distance metric, we introduce a node-level quality score
Si to ensure the informational validity of the sampled manifold. Relying solely
on spatial distances risks anchoring the graph on uninformative regions, such as
textureless blank walls. To address this, we quantify the visual richness of each
candidate frame by computing the average L2 norm of its Top-Kv patch tokens
fi,k. This prevents sparse foreground features from being diluted by massive
background tokens. Additionally, to suppress motion blur caused by fast camera
movement, we penalize this score with an exponential decay factor based on the
instantaneous camera velocity vi. The final quality score is defined as:

Si =

(
1

Kv

∑
k∈TKv (i)

∥fi,k∥2
)

· exp
(
−vi

v̄

)
+ ϵ, (3)

where TKv
(i) is the index set of the Top-Kv tokens for frame i, v̄ is the mean

trajectory velocity, and ϵ ensures a baseline sampling probability.
Ultimately, to sparsify the dense video while preserving its underlying mani-

fold structure, we formulate keyframe extraction as quality-gated farthest point
sampling (FPS) process on the approximated spatiotemporal graph. At each it-
eration, we greedily select the candidate frame i∗ that maximizes its shortest
distance to the already sampled subset K, modulated by its quality score:

i∗ = argmax
i/∈K

[(
min
j∈K

D(i, j)
)
· (1 + λSi) · M(i)

]
, (4)

where λ = 3.0 balances structural coverage and visual richness. To ensure topo-
logical robustness, we formulate M(i) as a motion-aware quality gate. Nodes
scoring below τ = 0.6S̄ are penalized via M(i) = 0.1, while reliable nodes re-
tain M(i) = 1.0. This effectively filters low-quality frames, yielding a sparse yet
informative representation that covers the spatiotemporal manifold.

3.3 Heterogeneous Geometry-Inductive Mixture-of-Experts

Instruction-Pose Aware Router. As illustrated in Fig. 3, our router jointly
leverages the language instruction tokens q, 2D visual tokens v, 3D geometric
tokens g, and camera pose features p. Specifically, the first three components
(q, v, and g) are linearly projected and concatenated to capture task-specific



8 Feng et al.

Instruction Tokens 2D Visual Tokens

...

3D Geometry Tokens

...

Camera Pose Features

...

Linear Linear Linear Linear

Concat Intent Mixer (MLP)

Softmax & Top-K Gate

Expert 1
... ...

Multi-head 
Attention

RMSNorm

Output E1

Expert 3
... ...

Visual-Physical
Relational Reasoning

Structural
Embedding

Adaptive Multimodal Features

Expert 2
... ......

Kinematic
HyperNet

(                    )

RMSNorm

Output E0

... ...
Expert 0

RMSNorm

Output E2

RMSNorm

Output E3

Structure-
Aware Gate

Gravity-
Aligned 
Probes

Geometric
Projection

Dynamic Subspace 
Projection

Dynamic Feature 
Restoration

...

Fig. 3: Detailed architecture of the HGI-MoE. The router processes multimodal
features to generate routing probabilities, dynamically dispatching tokens to the most
suitable experts (E0 − E3), whose outputs are aggregated via a probability-weighted
sum into adaptive multimodal features.

multimodal correlations via an Intent Mixer (MLP). Meanwhile, to handle view-
point variations caused by camera motion, the camera pose feature p is linearly
projected and added directly into the routing logit space as a global spatial bias.
The routing logits L ∈ RN×E are computed as:

L = MLP([Wqq ; Wvv ; Wgg]) +Wpp, (5)

where [·; ·] denotes channel-wise concatenation. This formulation ensures that
the Top-K expert activation is dynamically steered by both the user instruction
and the underlying 3D spatial context.
Heterogeneous Geometry-Inductive Experts. As illustrated in the lower
section of Fig. 3, the routed multimodal tokens are dispatched to a specialized
pool of four architecturally diversified experts. Each expert employs a tailored
feature fusion mechanism to tackle distinct requirements of 3D spatial reasoning.

Holistic Representation Expert (E0). While static shallow fusion often
induces modal conflicts in monolithic architectures, we isolate this fundamen-
tal operation as a conditionally activated expert. E0 achieves explicit modality
integration via E0(v, g) = RMSNorm(v + g). Retaining this primitive baseline
serves a dual purpose. It provides a natural contrast to our other specialized
spatial experts and explicitly highlights the adaptive superiority of our MoE de-
sign. Unlike static monolithic fusion, this simple additive branch is dynamically
assigned to tokens that do not require complex spatial transformations.
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Geometric-Semantic Cross-Attention Expert (E1). To establish a pre-
cise mapping between 2D visual semantics and 3D geometry, this expert employs
a multi-head cross-attention mechanism. By using the visual tokens v as queries
and the geometric tokens g as keys and values, E1 explicitly injects 3D spatial
priors into the 2D visual representations. Incorporating a residual connection,
the aggregated output is formulated as E1(v, g) = RMSNorm(v+CrossAttn(Q =
v,K = g, V = g)). This adaptive alignment tightly couples 2D appearance with
3D geometry information, equipping the model with fine-grained spatial aware-
ness for complex scene reasoning.

Pose-Conditioned Dynamic Adapter Expert(E2). To bridge the gap
between static 3D geometry and large-baseline camera ego-motion across sparse
views, E2 operates as a pose-driven dynamic adapter. Rather than treating cam-
era parameters as simple concatenated tokens, we leverage the view-specific pose
features p to actively modulate geometric features g with view-dependent con-
text. Using a HyperNet H, the egocentric motion state is encoded into dynamic
adaptation weights. Specifically, following an initial projection to obtain the base
geometric embedding gemb, these weights parametrize a low-rank bottleneck con-
sisting of dynamic subspace projection and a subsequent feature restoration. The
resulting pose-modulated output is then integrated into visual tokens v via a
learnable α-scaled residual connection:

gadapted = Fadapt(gemb | H(p)),

E2(v, g, p) = RMSNorm(v + α · Dropout(gadapted)),
(6)

where Fadapt denotes the rank-constrained dynamic transformation. This condi-
tionally modulated design effectively transforms viewpoint-invariant geometric
priors into a motion-aware feature space tailored for sparse visual inputs.

Gravity-Aligned Structural Expert (E3). To ground physical metrics
within complex 3D environments, E3 establishes canonical references by identi-
fying orthogonal structural foundations. Specifically, we introduce Np learnable
structural probes Φ ∈ RNp×D to capture gravity-aligned physical priors corre-
sponding to the dominant scene layouts (e.g., floor planes). The geometric fea-
tures g are first projected into a structural subspace gstruct. A structure-aware
mask M is then derived from the cross-affinity between gstruct and Φ to filter out
unstructured spatial noise. These gated geometric features g̃ are subsequently
integrated with the visual tokens v through a relational mapping network Frel:

M = σ((gstructΦ
T )Wattn), g̃ = g ⊙M,

E3(v, g) = RMSNorm(v + Frel([v; g̃])),
(7)

where Wattn is a dimension-matching projection, and σ denotes the sigmoid
activation. This design enables the model to encode global structural layouts,
anchoring spatial reasoning in a consistent, gravity-aware coordinate system.

Adaptive Multimodal Aggregation. Given the routing logits f(x), a Top-
K gating mechanism computes the adaptive probability distribution across the
expert pool for each token x. The final multimodal representation is aggregated
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as a probability-weighted sum of the activated experts’ outputs:

Pi(x) =
ef(x)i∑

j∈IK(x) e
f(x)j

, MoE(x) =
∑

i∈IK(x)

Pi(x) · Ei(x), (8)

where IK(x) denotes the index set of the K actively selected experts for token
x. This adaptive activation ensures dynamic execution paths precisely tailored
to the specific semantic queries and spatial complexities of the scene.

3.4 Optimization Objectives

We train our framework end-to-end with a composite objective:

L = Lgen + λmoeLmoe, (9)

where Lgen is the standard cross-entropy loss for language generation, and λmoe

is a scaling factor for the auxiliary routing penalty. Due to the sparse activation
mechanism of MoE, expert utilization can become imbalanced during training,
potentially leading to expert collapse. To address this, we introduce a load-
balancing loss Lmoe to encourage uniform expert usage across the token sequence.
The load-balancing objective is defined as:

Lmoe = Ne

Ne∑
i=1

P̄i · ρi, (10)

where Ne is the total number of experts, the mean routing probability P̄i and
activation frequency ρi for expert i across all N batch tokens are formulated as:

P̄i =
1

N

N∑
t=1

Pi(xt), ρi =
1

N

N∑
t=1

I (i ∈ IK(xt)) , (11)

where Pi(xt) is the routing probability of expert i for token xt, IK(xt) denotes
the K highest-scoring expert indices, and I(·) denotes the indicator function.

4 Experiments

To comprehensively evaluate SpaR3D-MoE across diverse 3D spatial tasks, we
benchmark the model on three datasets that encompass varying levels of spatial
reasoning complexity: VSI-Bench [41] for general spatial reasoning, ScanQA [3]
for fine-grained scene question answering, and SQA3D [25] for situated reasoning.
Due to space constraints, implementation details are provided in Appendix.
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Table 1: Comparison with SOTA methods on VSI-Bench. We evaluate the
Qwen3VL models using the lmms-eval [42]. Notably, our SpaR3D-MoE achieves SOTA
performance using solely 32 non-uniformly sampled sparse frames. Best results in each
category are highlighted in bold, and the second-best are underlined.

Methods Avg. Numerical Answer Task Multiple-Choice Answer Task

Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order

Proprietary Models (API)
GPT-4o [17] 34.0 46.2 5.3 43.8 38.2 37.0 41.3 31.5 28.5
Gemini-1.5-Flash [28] 42.1 49.8 30.8 53.5 54.4 37.7 41.0 31.5 37.8
Gemini-1.5-Pro [28] 45.4 56.2 30.9 64.1 43.6 51.3 46.3 36.0 34.6
Open-source Models
InternVL2-8B [10] 34.6 23.1 28.7 48.2 39.8 36.7 30.7 29.9 39.6
InternVL2-40B [10] 36.0 34.9 26.9 46.5 31.8 42.1 32.2 34.0 39.6
InternVL3-78B [50] 48.5 71.2 53.7 44.4 39.5 55.9 39.5 28.9 54.5
LongVILA-8B [9] 21.6 29.1 9.1 16.7 0.0 29.6 30.7 32.5 25.5
VILA-1.5-40B [22] 31.2 22.4 24.8 48.7 22.7 40.5 25.7 31.5 32.9
LongVA-7B [43] 29.2 38.0 16.6 38.9 22.2 33.1 43.3 25.4 15.7
LLaVA-NeXT-Video-7B [44] 35.6 48.5 14.0 47.8 24.2 43.5 42.4 34.0 30.6
LLaVA-NeXT-Video-72B [44] 40.9 48.9 22.8 57.4 35.3 42.4 36.7 35.0 48.6
LLaVA-OneVision-7B [19] 32.4 47.7 20.2 47.4 12.3 42.5 35.2 29.4 24.4
LLaVA-OneVision-72B [19] 40.2 43.5 23.9 57.6 37.5 42.5 39.9 32.5 44.6
Qwen2.5VL-7B [5] 33.0 40.9 14.8 43.4 10.7 38.6 38.5 33.0 29.8
Qwen3VL-4B [4] 54.8 66.4 43.4 74.2 60.0 53.0 46.2 32.0 63.1
Qwen3VL-8B [4] 55.7 68.0 45.8 73.5 60.3 53.7 46.3 32.5 65.5
Spatial-Aware MLLMs
VG LLM-4B [45] 46.1 66.4 36.6 55.2 56.3 40.8 43.4 30.4 39.5
Spacer [26] 45.5 57.8 28.2 59.9 47.1 40.1 45.4 33.5 52.1
ViLaSR [36] 45.4 63.5 34.4 60.6 30.9 48.9 45.2 30.4 49.2
Spatial-MLLM [35] 48.4 65.3 34.8 63.1 45.1 41.3 46.2 33.5 46.3
SpaR3D-MoE (Ours) 63.5 71.3 48.0 72.8 69.6 58.7 70.1 44.0 73.5

4.1 Comparison with State-of-the-Art Methods

Evaluation on VSI-Bench. As summarized in Table 1, SpaR3D-MoE achieves
a new SOTA with a 63.5 average on VSI-Bench, surpassing the strongest base-
line Qwen3VL-8B by 7.8 points, while yielding relative gains of 35.4% in Route
Plan and 51.4% in Relative Direction. Notably, our framework also exceeds the
leading commercial model, Gemini-1.5-Pro, by a margin of 18.1 points. This per-
formance gap is particularly evident in complex tasks, such as Route Plan (44.0
vs. 36.0) and Relative Direction (70.1 vs. 46.3). Moreover, SpaR3D-MoE achieves
these advantages utilizing only 32 non-uniformly sampled sparse frames, in con-
trast to the dense input required by Gemini-1.5-Pro (∼85 frames). We attribute
these gains to our ASMS mechanism, which adaptively selects high-quality sparse
keyframes from long video sequences to construct a comprehensive and informa-
tive scene context. Building upon this, our HGI-MoE architecture employs a dy-
namic router guided by instructions and camera poses to dispatch input tokens
to dedicated experts. This mechanism ensures an adaptive and comprehensive
fusion of multimodal features, driving performance improvements across diverse
complex spatial reasoning tasks.

Evaluation on ScanQA. As detailed in Tab. 2, SpaR3D-MoE performs
competitively on the ScanQA validation set, a benchmark that requires both se-
mantic grounding and spatial reasoning. Our framework achieves SOTA perfor-
mance among video-based models using sparse RGB inputs, reaching an EM@1
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Table 2: Evaluations on the ScanQA (val). B-1 to B-4 are BLEU-n scores. Best
results in each category are highlighted in bold, and the second-best are underlined.

Methods
ScanQA (val)

EM@1 B-1 B-2 B-3 B-4 ROUGE-L METEOR CIDEr

Task-Specific Models
ScanQA [3] 21.1 30.2 20.4 15.1 10.1 33.3 13.1 64.9
3D-Vista [51] 22.4 - - - 10.4 35.7 13.9 69.6

3D/2.5D-Input Models
3D-LLM [8] 20.5 39.3 25.2 18.4 12.0 35.7 14.5 69.4
LL3DA [7] - - - - 13.5 37.3 15.9 76.8
Chat-Scene [15] 21.6 43.2 29.1 20.6 14.3 41.6 18.0 87.7
3D-LLaVA [12] - - - - 17.1 43.1 18.4 92.6
Video-3D LLM [46] 30.1 47.1 31.7 22.8 16.2 49.0 19.8 102.1

Video-Input Models
Qwen2.5-VL-3B [5] 15.4 22.5 13.1 8.1 3.8 25.4 9.7 47.4
Qwen2.5-VL-7B [5] 19.0 27.8 13.6 6.3 3.0 29.3 11.4 53.9
Qwen2.5-VL-72B [5] 24.0 26.8 17.8 14.6 12.0 35.2 13.0 66.9
LLaVA-Video-7B [44] - 39.7 26.6 9.3 3.1 44.6 17.7 88.7
Oryx-34B [24] - 38.0 24.6 - - 37.3 15.0 72.3
Spatial-MLLM [35] 26.3 44.4 28.8 21.9 14.8 45.0 18.4 91.8
SpaR3D-MoE (Ours) 30.4 46.4 31.6 23.3 17.1 48.6 19.5 101.5

of 30.4 and a CIDEr of 101.5. Specifically, it surpasses Video-3D LLM in Ex-
act Match (30.4 vs. 30.1) while exceeding 3D-LLaVA by a significant margin in
CIDEr (101.5 vs. 92.6). These results demonstrate that by dispatching multi-
modal features to suitable experts guided by instructions and camera poses, our
approach seamlessly adapts to diverse task instructions, achieving robust spatial
understanding from sparse RGB keyframes without costly 3D-specific data.

Evaluation on SQA3D. Beyond static scene understanding, we evaluate
SpaR3D-MoE on the SQA3D benchmark to assess its situated reasoning capabil-
ities. As reported in Tab. 3, our framework establishes a new SOTA among video-
based methods with an average EM@1 of 58.3. Notably, it even outperforms
the explicit 3D-based Video-3D LLM in fine-grained categories like What and
How. We attribute this competitive performance to a synergistic design where
our ASMS provides rich scene context while preserving topological connectivity,
establishing an informative foundation. Furthermore, the HGI-MoE adaptively
activates specialized experts guided by situated instructions and camera poses,
effectively leveraging multimodal features to achieve precise and robust spatial
understanding from RGB-only inputs.

4.2 Ablation Study

To validate the architectural designs of SpaR3D-MoE, we perform comprehen-
sive ablation studies on VSI-Bench [41]. We systematically analyze the contri-
butions of heterogeneous experts, the role of multimodal routing guidance, and
the impact of our adaptive sampling mechanism across different frame densities.

Effectiveness of Heterogeneous Geometry-Inductive Experts. To
evaluate expert specialization within HGI-MoE, we selectively mask individ-
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Table 3: Evaluations on the SQA3D (test). All scores are reported in EM@1. Best
results in each category are highlighted in bold, and the second-best are underlined.

Methods
SQA3D (test)

What Is How Can Which Others Avg.

Task-Specific Models
SQA3D [25] 31.6 63.8 46.0 69.5 43.9 45.3 46.6
3D-Vista [51] 34.8 63.3 45.4 69.8 47.2 48.1 48.5

3D/2.5D-Input Models
Scene-LLM [13] 40.9 69.1 45.0 70.8 47.2 52.3 54.2
Chat-Scene [15] 45.4 67.0 52.0 69.5 49.9 55.0 54.6
Video-3D LLM [46] 51.1 72.4 55.5 69.8 51.3 56.0 58.6

Video-Input Models
Qwen2.5-VL-3B [5] 34.8 52.1 39.8 52.7 45.6 47.0 43.4
Qwen2.5-VL-7B [5] 39.7 56.6 41.1 55.9 47.6 47.2 46.5
Qwen2.5-VL-72B [5] 41.7 56.3 41.5 55.6 44.5 48.0 47.0
LLaVA-Video-7B [44] 42.7 56.3 47.5 55.3 50.1 47.2 48.5
Spatial-MLLM-4B [35] 45.9 71.6 55.1 69.5 52.0 53.0 55.9
SpaR3D-MoE (Ours) 51.6 72.6 56.3 69.2 52.1 54.2 58.3

ual experts during inference to analyze their performance impacts, as detailed
in Tab. 4. First, masking the holistic representation expert (E0) reduces
overall performance by 1.7. Instead of uniformly affecting all tasks, it signifi-
cantly impairs Relative Direction and Appearance Order by 4.5 and 2.6, respec-
tively. This validates our motivation to isolate simple additive fusion. Without
E0, tokens not requiring complex spatial processing are routed through high-
order experts, resulting in over-processing of raw features and diminishing the
specialized capacity of other branches. Furthermore, masking the geometric-
semantic cross-attention expert (E1) specifically degrades fine-grained spa-
tial relational tasks, dropping Relative Distance and Object Counting by 1.4 and
0.8. This underscores the essential role of explicit cross-attention between 2D vi-
sual queries and 3D geometric keys for precise multi-object spatial grounding in
3D scene understanding. Crucially, masking the pose-conditioned dynamic
adapter expert (E2) causes the most severe overall degradation (a 4.2 drop),
with Relative Direction and Route Plan declining by 9.7 and 5.2, respectively.
This confirms E2’s essential function in leveraging camera pose to mitigate spa-
tial misalignment from sparse viewpoints, thereby acting as an implicit coor-
dinate transformer to align these disjointed observations. Finally, masking the
gravity-aligned structural expert (E3) severely impairs spatial topology
and navigation tasks, with Route Plan dropping by 4.0. This demonstrates that
our learnable gravity-aligned probes effectively capture the structural founda-
tions and physical anchors necessary for robust spatial grounding. Collectively,
these ablation results confirm that each expert fulfills a distinct, specialized role,
jointly enhancing the model’s comprehensive 3D spatial understanding.
Significance of Multimodal Routing Guidance. Building upon founda-
tional visual and geometric features, our IPAR introduces task instructions and
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Table 4: Ablation on expert roles and routing guidance. We analyze each expert
(E0 − E3) via selective masking and evaluate multi-modal routing inputs, where the
Base Router relies exclusively on visual and geometric features.

Model Variant Avg. Numerical Answer Tasks Multiple-Choice Answer Tasks

Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order

Ablation on Expert Roles
w/o E0 61.8 71.2 46.3 72.9 68.7 57.5 65.6 41.3 70.9
w/o E1 62.8 70.5 47.3 72.0 69.1 57.3 69.7 43.0 73.5
w/o E2 59.3 69.8 42.2 72.2 63.0 55.7 60.4 38.8 72.3
w/o E3 62.4 69.8 47.5 71.7 68.8 58.0 68.6 40.0 74.8

Ablation on Routing Guidance
Base Router 61.2 70.5 46.0 71.5 67.5 56.5 67.5 39.0 71.1
+ Pose Bias (p) 62.5 70.8 47.2 72.2 68.8 57.8 68.5 42.0 72.7
+ Query Guidance (q) 61.8 70.3 46.5 71.9 68.0 57.2 66.0 41.5 73.0

SpaR3D-MoE (Ours) 63.5 71.3 48.0 72.8 69.6 58.7 70.1 44.0 73.5

Table 5: Ablation on sampling strategy and frame density. We compare ASMS
against uniform sampling across varying frame counts on VSI-Bench. ASMS consis-
tently achieves higher performance, with 32 frames delivering the best results.

Sampling
Strategy Avg. Numerical Answer Tasks Multiple-Choice Answer Tasks

Obj. Cnt. Abs. Dist. Obj. Size Room Size Rel. Dist. Rel. Dir. Route Plan Appr. Order

Uniform Sampling
8 Frames 56.6 68.2 42.1 70.0 65.1 53.8 60.1 34.0 59.5
16 Frames 61.2 70.7 47.1 71.8 68.7 57.9 68.1 38.0 67.3
32 Frames 62.4 71.5 47.8 72.6 68.9 58.2 68.4 39.8 72.0

ASMS (Ours)
8 Frames 57.8 68.5 42.6 70.2 65.5 54.3 62.3 37.6 61.5
16 Frames 61.9 70.8 47.5 71.5 69.3 58.3 69.2 40.1 68.5
32 Frames 63.5 71.3 48.0 72.8 69.6 58.7 70.1 44.0 73.5

camera poses to drive cross-modal interactions for precise expert selection. As
shown in the lower section of Tab. 4, integrating these additional modalities
significantly optimizes routing decisions. Compared to the base router, task in-
structions provide semantic guidance with a 0.6 average improvement, while
incorporating camera poses yields a larger gain of 1.3. Specifically, pose features
directly benefit viewpoint-dependent tasks, increasing Route Plan and Relative
Direction by 3.0 and 1.0, respectively. This underscores both modalities as es-
sential condition priors. Their joint synergy culminates in the peak average of
63.5, demonstrating that precise expert dispatching relies on tightly coupling
task-aware semantic intent with pose dynamics.

Impact of Sampling Strategy and Frame Density. To evaluate our
keyframe extraction mechanism, Tab. 5 compares the ASMS mechanism against
uniform sampling across varying frame counts. ASMS consistently outperforms
the uniform baseline across all configurations, demonstrating its ability to cap-
ture critical spatial structures for 3D understanding. Notably, the 32-frame setup
achieves the highest average score of 63.5, highlighted by a 10.6% improvement
in the complex Route Plan task. Even with only 16 frames, the model main-
tains a competitive performance of 61.9, confirming that ASMS effectively filters
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spatiotemporal redundancy. Although extreme sparsity at 8 frames leads to an
overall performance drop, ASMS exhibits greater robustness on complex tasks
like Route Plan and Appearance Order. These results indicate that our adaptive
sampling successfully retains spatially informative frames, ensuring reliable 3D
reasoning even under highly sparse conditions.

5 Conclusion

We introduced SpaR3D-MoE, a novel framework that endows MLLMs with
physically-grounded spatial intelligence relying solely on sparse RGB views, ob-
viating the need for 3D-specific data. By sampling sparse keyframes using the
proposed ASMS mechanism, the model effectively filters spatiotemporal redun-
dancy while preserving essential scene topology. Building upon this foundation,
the introduced HGI-MoE adaptively dispatches multimodal tokens to special-
ized experts with distinct, tailored cross-modal fusion capacities, fulfilling the
diverse requirements of 3D spatial reasoning. Extensive experiments demonstrate
that SpaR3D-MoE achieves SOTA performance on the challenging VSI-Bench,
ScanQA, and SQA3D benchmarks, confirming the effectiveness and generaliz-
ability of our approach across comprehensive spatial understanding tasks. Future
work will extend this framework to online video stream spatial reasoning.
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1 Additional Experimental Details

1.1 Implementation Details

SpaR3D-MoE is built upon the pre-trained Qwen3VL-8B [2] and incorporates
VGGT-1B [9] as the visual geometry encoder. During training, both the visual
and geometry encoders are frozen, while we optimize the HGI-MoE, multimodal
projector, and the MLLM backbone. Specifically, the MLLM backbone is fine-
tuned using LoRA [6] with rank r = 256 and scaling factor α = 512. The network
is optimized using AdamW [7] with a weight decay of 0.01. We apply a cosine
learning rate scheduler with a 3% warmup ratio, setting the peak learning rate
to 5 × 10−5 for the MLLM backbone and 2 × 10−4 for the remaining trainable
modules, alongside a global batch size of 128. For the dynamic routing within
the HGI-MoE, we configure the Top-K gate to activate 3 experts (K = 3)
for each multimodal token. To ensure balanced expert routing within the MoE
module, we apply an auxiliary load-balancing loss with a coefficient of 0.01. The
training inputs consist of non-uniformly sampled sparse keyframes, driving the
model to capture and reason over varying spatiotemporal dynamics. For training
data, we utilize a mixed dataset consisting of a 288K subset from VSI-590K [11],
alongside the training sets of VICA-322K [5], ScanQA [1], and SQA3D [8]. The
entire training process runs for one epoch and takes approximately 11 hours on
5 × NVIDIA RTX PRO 6000 Blackwell (96GB) GPUs.

† Corresponding authors
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1.2 Evaluation Datasets and Metrics

We utilize the LMMs-Eval framework [13] for standardized evaluation across all
benchmarks, extending it with custom evaluation scripts to seamlessly integrate
unsupported datasets and ensure unified metric computation. To guarantee de-
terministic and reproducible results, we employ greedy decoding (temperature
τ = 0, beam size 1). For our primary baseline, Qwen3VL, we conduct local
evaluations under identical settings, while results for other methods are directly
quoted from their original publications to ensure consistency and fairness in com-
parison. The specific evaluation datasets and metrics are introduced as follows.

VSI-Bench Dataset. VSI-Bench [10] is a comprehensive video-based bench-
mark designed to evaluate the visual-spatial intelligence of MLLMs. It contains
over 5,000 QA pairs derived from 288 real-world indoor egocentric videos sourced
from 3D environments like ScanNet [4], ScanNet++ [12], and ARKitScenes [3].
These QA pairs are structured to evaluate 8 fine-grained spatial reasoning tasks,
which are categorized into two distinct formats: Multiple-Choice Answer (MCA)
tasks and Numerical Answer (NA) tasks. For evaluation metrics, we follow the
official protocol, adopting standard Accuracy for MCA tasks and Mean Relative
Accuracy (MRA) for NA tasks.

ScanQA Dataset. ScanQA [1] is a foundational 3D visual question answering
benchmark designed to assess a model’s spatial reasoning and semantic ground-
ing capabilities within complex indoor environments. We conduct our evaluation
using the official validation split, which consists of over 4,000 question-answering
pairs derived from real-world scenes in the ScanNet dataset [4]. Consistent with
the official evaluation protocol, we report Exact Match (EM) accuracy to mea-
sure strict answer correctness, and employ standard natural language generation
metrics (BLEU-1 to BLEU-4, METEOR, ROUGE-L, and CIDEr) to evaluate
the fluency and descriptive quality of the generated responses.

SQA3D Dataset. SQA3D [8] is a benchmark dedicated to situated question
answering, requiring models to perceive and reason about 3D environments from
a specific agent’s egocentric position and orientation. We conduct our evaluation
on the official test split, comprising over 3,000 question-answering pairs that are
classified into six distinct reasoning categories (What, Is, How, Can, Which, and
Other). Following the official protocol, we report the Exact Match at 1 (EM@1)
accuracy to assess the performance within each individual question category, as
well as the overall average score.

2 Additional Ablation Study

2.1 Component Decoupling Analysis

To disentangle the contributions of ASMS and HGI-MoE, we conduct a 2 × 2
cross-ablation on VSI-Bench by varying the sampling strategy and the inte-
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Table 6: Cross-ablation of ASMS and HGI-MoE on VSI-Bench. All variants use 32
input frames.

Sampling Integration Architecture Avg. Score Gain

Uniform Monolithic Fusion 58.4 –
ASMS Monolithic Fusion 59.3 +0.9
Uniform HGI-MoE 62.4 +4.0
ASMS HGI-MoE 63.5 +5.1

Table 7: Robustness to upstream geometry and pose perturbations on VSI-Bench.

Noise Type Geo. σ2 Pose σ2 Avg. ∆

Baseline (None) 0.00 0.00 63.5 –
Geo. Noise Only 0.10 0.00 62.6 -0.9
Pose Noise Only 0.00 0.10 61.8 -1.7
Combined Noise 0.10 0.10 62.2 -1.3

gration architecture. Specifically, we compare uniform sampling and ASMS un-
der both monolithic visual-geometric fusion and the proposed HGI-MoE. As
shown in Tab. 6, replacing uniform sampling with ASMS improves the sparse
keyframe representation by preserving more informative spatiotemporal connec-
tivity, while replacing monolithic fusion with HGI-MoE improves the integra-
tion architecture for adaptive multimodal fusion. Combining both components
achieves the best performance, suggesting that topology-aware sparse sampling
and adaptive heterogeneous integration provide complementary benefits for 3D
spatial reasoning.

2.2 Robustness to Geometry and Pose Perturbations

Since SpaR3D-MoE relies on VGGT-predicted geometry features and camera
poses for sampling and fusion, we evaluate its sensitivity to upstream prediction
noise. Specifically, we inject Gaussian noise with variance σ2 = 0.1 into the nor-
malized geometry features and/or pose features extracted by VGGT, and report
the results on VSI-Bench in Tab. 7. The model shows a moderate performance
drop under both geometry and pose perturbations, indicating that accurate up-
stream geometry is beneficial for spatial reasoning. Nevertheless, SpaR3D-MoE
maintains competitive performance under all perturbation settings, suggesting
a certain degree of robustness to imperfect geometry and pose estimates.
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Table 8: Ablation on the temporal coefficient ω in ASMS on VSI-Bench. We report
average scores for the Numerical and Multiple-Choice Answer categories. All experi-
ments are evaluated via LMMs-Eval [13] using 32 frames.

Method Avg. Numerical
Answer

Multiple-Choice
Answer

Qwen3VL-8B (Baseline) 55.7 61.9 49.5

ω = 0.1 55.1 60.9 49.3
+ ASMS ω = 0.6 (Default) 56.2 61.3 51.2

ω = 1.1 55.6 60.9 50.3

2.3 Hyperparameter Sensitivity in ASMS

To analyze the temporal coefficient ω in ASMS, we extract 32 sparse frames
under varying ω values and evaluate them on VSI-Bench using Qwen3VL-8B,
comparing against a 32-frame uniform sampling baseline. This hyperparame-
ter controls the balance between geometric diversity and temporal stability. As
shown in Tab. 8, the model performance exhibits a clear trade-off, peaking at the
intermediate value. Specifically, setting a low ω = 0.1 overly focuses on spatial
differences to extract visually diverse frames, but disrupts the temporal progres-
sion, reducing accuracy on Multiple-Choice Answer (MCA) tasks (49.3) that
require trajectory reasoning. Conversely, setting a high ω = 1.1 makes the tem-
poral penalty dominate, reducing ASMS to a uniform sampling that misses cru-
cial spatial transitions and causes topological disconnection, yielding a average
score of 55.6. Notably, both extreme configurations underperform the uniform
sampling baseline (55.7), demonstrating that improper temporal constraints de-
grade spatial reasoning. Ultimately, setting ω = 0.6 achieves the optimal balance.
By preserving the spatiotemporal manifold while capturing essential geometric
diversity, this setting maximizes the informativeness of the sparse keyframes,
resulting in the highest overall average (56.2) and peak MCA accuracy (51.2).

2.4 Efficiency Analysis

We report the system-level efficiency of SpaR3D-MoE on VSI-Bench in Tab. 9.
The 3D encoding stage includes VGGT-based feature and pose extraction as
well as ASMS keyframe selection, where VGGT extraction takes 7.88s per video
and ASMS adds only 0.13s overhead. This scene-level preprocessing makes the
initial query take 12.54s, comparable to Spatial-MLLM-4B (12.69s). Within the
reasoning stage, the router and MoE introduce only minor overheads of approx-
imately 0.06s and 0.02s, respectively, while SpaR3D-MoE activates about 9B
out of 10B total parameters under Top-K = 3 routing. Importantly, the prepro-
cessing cost is mainly incurred only when processing a new scene for the first
time. For an unchanged scene, the extracted geometry features, camera poses,
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Table 9: Latency and memory efficiency on VSI-Bench. The 3D encoding time of
SpaR3D-MoE includes VGGT feature extraction and ASMS keyframe selection. Sub-
sequent in-scene question answering can reuse cached scene representations and only
requires the reasoning stage.

Model 2D Encoding
Time (s)

3D Encoding
Time (s)

Reasoning
Time (s)

Initial Query
Time (s)

Peak Memory
(GB)

Spatial-MLLM-4B 0.36 8.93 3.40 12.69 13.10
Qwen3VL-8B 0.72 N/A 2.37 3.09 17.91
SpaR3D-MoE 0.39 8.01 4.14 12.54 27.70

and sparse keyframes can be cached and reused, so subsequent in-scene question
answering only requires the reasoning stage and takes approximately 4.14s.

3 Qualitative Analysis

3.1 Qualitative Comparison of Sampling Strategies

We qualitatively compare our ASMS mechanism with the uniform sampling base-
line under a sparse 8-frame setting in Fig. 4. For an intuitive comparison, we
utilize VGGT [9] to explicitly project the extracted implicit geometric features
into a global point cloud, where the corresponding camera poses are marked.
As illustrated in Fig. 4(a), uniform sampling extracts frames at fixed tempo-
ral intervals, resulting in the omission of critical spatial transitions due to its
rigid, content-agnostic nature. Specifically, this topology-agnostic approach fails
to capture the doorway transition (indicated by dashed orange boxes) resulting
in topological disconnection and a fragmented global point cloud, which com-
promises global spatial reasoning.

In contrast, Fig. 4(b) demonstrates that ASMS adaptively captures cru-
cial bridge frames (solid green box) by jointly evaluating 3D spatial transla-
tions, geometric variance, and temporal dynamics. Preserving these transitional
nodes ensures that the extracted sparse frames maintain the underlying topo-
logical connectivity of the original scene. Consequently, ASMS is able to provide
high-quality foundational scene context, supporting complex downstream spatial
tasks, such as relative distance estimation and route planning.

3.2 Qualitative Analysis on 3D Spatial Reasoning

Analysis of Benchmark Scenarios. To further demonstrate the effectiveness
of SpaR3D-MoE, we present qualitative comparisons against the Qwen3VL-8B
baseline on two distinct spatial reasoning tasks from the VSI-Bench [10]. As
illustrated in Fig. 5, we present a Relative Direction task where the agent is
required to reason about the spatial relationship between a trash bin and its
own location. The baseline Qwen3VL fails to build a consistent 3D representation
from sparse 2D views, leading to an incorrect “back-right” prediction. In contrast,
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(b) ASMS Sampling (Ours): Preserved Spatial Topology

(a) Uniform Sampling: Loss of Spatial Topology

Fig. 4: Qualitative comparison between ASMS and uniform sampling un-
der a sparse 8-frame setting. (a) Uniform sampling misses key spatial transitions
(dashed orange boxes), resulting in topological disconnection and a fragmented point
cloud. (b) Our ASMS adaptively captures crucial bridge frames (solid green box) to
preserve the global spatial topology, yielding a coherent scene structure.

our model successfully grounds these 2D observations into a unified 3D scene,
enabling it to correctly reason the “front-left” spatial relationship. Furthermore,
Fig. 6 showcases a Route Planning task requiring egocentric navigation. The
baseline Qwen3VL incorrectly predicts “Turn Right” due to misleading 2D visual
information, where the target doorframe appears on the right side of the input
image frame. Conversely, SpaR3D-MoE correctly reasons that the doorframe
is located behind the agent’s current orientation, yielding the accurate “Turn
Back” action. This spatial reasoning capability stems from our ASMS, which
provides rich scene context while preserving topological connectivity from sparse
RGB views, coupled with the HGI-MoE architecture that dynamically activates
specialized experts to fuse multimodal geometric and pose features, enabling the
agent to construct a unified 3D spatial representation and capture egocentric
motion dynamics. By grounding sparse visual inputs into a unified physical space,
SpaR3D-MoE overcomes inherent 2D projection ambiguities to perform accurate
3D spatial reasoning.

Generalization to Real-World Scenes. To further validate the zero-shot
generalization of SpaR3D-MoE, we conduct qualitative tests on a custom-captured
real-world indoor lab scene. As illustrated in Fig. 7, this task requires the model
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Fig. 5: Qualitative Results on Relative Direction. The baseline Qwen3VL fails
to resolve the viewpoint-dependent transformation, leading to spatial hallucinations
based on 2D image coordinates. In contrast, SpaR3D-MoE successfully bridges the gap
between 2D semantics and 3D geometry, accurately grounding the target’s position
within the agent’s egocentric perspective.

Fig. 6: Qualitative Results on Route Planning. The baseline is biased by the
2D visual information where the target doorframe appears on the right side of the
image frame, leading to an incorrect prediction. Conversely, SpaR3D-MoE leverages a
consistent egocentric spatial map to correctly reason the agent’s egocentric orientation,
yielding the accurate “Turn Back” action.
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Fig. 7: Qualitative results in an unseen laboratory scene. In an unseen labora-
tory setting, the baseline incorrectly maps sparse observations to the spatial coordinate
system, localizing the target along the negative y-axis. In contrast, SpaR3D-MoE ac-
curately grounds visual cues within a unified physical reference frame, enabling precise
reasoning of relative positions from sparse views.

to perform coordinate-based relative direction reasoning within a real-world lab-
oratory scene using only sparse views. The baseline Qwen3VL incorrectly maps
sparse 2D visual observations to the spatial coordinate system, leading to a
negative y-axis direction and an incorrect “back-right” answer. In contrast, by
grounding the red door, LED screen, and calibration board within a unified
physical reference frame, our SpaR3D-MoE correctly reasons the “front-right”
relative position. These results demonstrate that our method successfully gener-
alizes to real-world scenes using only sparse RGB views, effectively bridging the
representational gap between 2D visual semantics and 3D physical geometry to
enable robust spatial reasoning.

3.3 Limitations and Failure Analysis

While SpaR3D-MoE demonstrates robust spatial reasoning and generalization
capabilities in most scenarios, it still faces challenges with precise instance disam-
biguation in environments containing repetitive objects. As illustrated in Fig. 8,
the model is required to reason about the relative distances to identify the object
nearest to the backpack. The thinking step reveals that the model successfully lo-
calizes all candidates and correctly associates them with their respective semantic
surfaces (e.g., the backpack and refrigerator on the floor, the pillow on the bed).
However, the model exhibits a limitation in handling instance ambiguity during
distance comparison. Specifically, while the distance to the refrigerator is rea-
sonably estimated (∼1.5m), the distance to the pillow is overestimated (∼3.5m)
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Fig. 8: Qualitative failure case of instance ambiguity. The green box denotes the
ground-truth target (pillow), the orange box indicates the reference anchor (backpack),
and the red box represents the model’s incorrect final prediction (refrigerator). While
SpaR3D-MoE correctly identifies semantic categories, it misgrounds the target “pillow”
to a distant instance on the opposite bed. Consequently, the distance between the pillow
and the backpack is erroneously estimated at ∼3.5m, leading to the incorrect selection
of the refrigerator.

because the model incorrectly anchors the semantic token to a distant pillow on
the opposite bed. Consequently, this leads to the incorrect final prediction that
the refrigerator is the closest object to the backpack. Future improvements will
explore integrating Reinforcement Learning (RL) driven by geometric feedback
to enhance the model’s self-verification capabilities. Cross-validating candidate
instances allows the model to calibrate its spatial anchoring, thereby penalizing
referential misgrounding and improving instance disambiguation.
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