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Fig. 1: Comparison of existing paradigms. Unlike methods relying on (a) explicit
3D inputs or (b) complex geometric supervision, (¢) our VEGA-3D extracts implicit
priors from video generation models. By repurposing them as Latent World Simulators,
we achieve (d) superior performance without external 3D dependencies.

Abstract. While Multimodal Large Language Models demonstrate im-
pressive semantic capabilities, they often suffer from spatial blindness,
struggling with fine-grained geometric reasoning and physical dynamics.
Existing solutions typically rely on explicit 3D modalities or complex
geometric scaffolding, which are limited by data scarcity and generaliza-
tion challenges. In this work, we propose a paradigm shift by leveraging
the implicit spatial prior within large-scale video generation models. We
posit that to synthesize temporally coherent videos, these models inher-
ently learn robust 3D structural priors and physical laws. We introduce
VEGA-3D (Video Extracted Generative Awareness), a plug-and-play
framework that repurposes a pre-trained video diffusion model as a La-
tent World Simulator. By extracting spatiotemporal features from inter-
mediate noise levels and integrating them with semantic representations
via a token-level adaptive gated fusion mechanism, we enrich MLLMs
with dense geometric cues without explicit 3D supervision. Extensive
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experiments across 3D scene understanding, spatial reasoning, and em-
bodied manipulation benchmarks demonstrate that our method outper-
forms state-of-the-art baselines, validating that generative priors provide
a scalable foundation for physical-world understanding. Code is publicly
available at https://github.com/H-EmbodVis/VEGA-3D.

Keywords: Video Generation Models - 3D Scene Understanding - Spa-
tial Reasoning - Embodied Al

1 Introduction

Recent advancements in video generation models [3] 40l 44}, 5T], [75] have reshaped
our expectations of visual systems, moving beyond high-fidelity generation to
acting as interactive world models [45], [74] [79] [80]. To generate a plausible video,
the model inherently aligns appearance with 3D geometry: occlusion requires
persistent object identity, camera motion reveals depth-dependent apparent mo-
tion, and interactions must follow consistent dynamics. These constraints encour-
age latent representations that encode geometry-consistent structure and mo-
tion, yielding a strong learned 3D prior without explicit 3D supervision [46), [69].
This raises a compelling research question: if video generators already possess an
implicit understanding of space and physics, can these implicit physical priors
be repurposed to improve downstream 3D visual understanding?

This perspective is particularly critical for domains that require granular 3D
awareness [8, 26}, 28] 30} 58|, [82], 94, [T00], such as scene understanding. To equip
embodied agents with such capabilities, prevailing research has predominantly
followed two explicit paradigms, as illustrated in Fig. I} The first stream [811, [99]
directly utilizes explicit 3D modalities (e.g., point clouds or depth) to provide
definitive geometric grounding. The second stream [17), [41] [76] focuses on geo-
metric scaffolding, which lifts 2D features into 3D space via extra reconstruc-
tion or distillation. Alongside these methods, an underexplored yet increasingly
promising paradigm (Fig. [[[c)) lies in modern video generation models trained
on large-scale video datasets, whose training objective implicitly rewards repre-
sentations consistent with 3D geometry and physical dynamics.

In this work, we explore a new paradigm: leveraging representations learned
by video generation models as priors for geometric understanding. As illustrated
in the Fig.[2| (a), video diffusion models demonstrate remarkable multi-view con-
sistency. The model captures the structural integrity of objects across different
frames, implying a robust internal representation of 3D geometry. While genera-
tive models lack the semantic alignment of contrastive pre-training [73, [88], their
geometric priors offer unique spatial guidance. As further evidenced in Fig. b),
incorporating these priors sharpens the original scattered attention of the base-
line, effectively serving as spatial anchors that enable precise localization for
fine-grained 3D reasoning.

Motivated by these observations, we propose VEGA-3D, a plug-and-play
framework that incorporates the strengths of semantic and generative represen-
tations. Specifically, we introduce a video generation model (e.g., Wan2.1 [75],
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Fig. 2: Visualization of implicit 3D priors. (a) The generation model demonstrates
strong multi-view geometric consistency, evidenced by high correspondence scores and
stable PCA feature representations across shifting camera views. (b) By leveraging
these priors, our VEGA-3D overcomes the spatial ambiguity observed in the baseline,
yielding precisely-located attention maps of the target object in the instruction.

Vmem [51]) as a Latent World Simulator to enrich the visual stream with spa-
tiotemporal world-knowledge priors, complementary to the semantic encoder. To
solve the distribution shift between generative and semantic space, we design a
token-level adaptive gated fusion module that integrates the two features. This
fusion enables the model to actively exploit the generative backbone’s 3D aware-
ness to strengthen geometry-sensitive reasoning, while preserving discriminative
semantic cues.

Extensive experiments on 3D scene understanding (e.g., visual grounding,
dense captioning, and QA), spatial reasoning benchmarks (e.g., VSI-Bench [83]),
and robotics manipulation tasks (LIBERO [55]) demonstrate that our method
significantly outperforms larger spatially-enhanced models. Furthermore, in Fig.
we provide quantitative evidence for the strong correlation between multi-view
correspondence and downstream understanding performance. Besides, as evi-
denced in Fig. a), the gains stem from synergy rather than replacement: gen-
erative and semantic features are complementary, and their fusion yields sub-
stantial improvements. Our analysis further shows that the most informative
spatial cues emerge from intermediate representations and mid-denoising time
of the generative model, instead of the final pixel outputs, and that these priors
are particularly beneficial for localization-centric tasks, effectively providing a
spatial anchor for MLLMs.

In summary, our contributions are threefold.

e We investigate that modern video generators learn transferable spatiotemporal
priors that encode geometry-consistent structure and motion, and we show
that these priors are most informative in intermediate representations and
mid-denoising stages.
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Fig. 3: Feature Analysis. (a): Generative priors effectively complement semantic
features with fusion, yielding consistent performance gains. (b): Multi-view correspon-
dence strongly correlates with downstream 3D understanding performance. More de-

tails in Sec. @

e We propose VEGA-3D, a plug-and-play framework that repurposes video
generation models as Latent World Simulator for MLLMs, and introduce a
token-level adaptive gated fusion module to align and integrate heterogeneous
generative and semantic token spaces.

e Extensive experiments across 3D scene understanding, spatial reasoning, and
embodied manipulation benchmarks demonstrate consistent gains, validating
generative priors. Moreover, our framework is scalable: advances in video gen-
eration are readily transferable to stronger downstream 3D understanding.

2 Related Work

2.1 Scene Understanding with Large Language Models

Extending Large Language Models to 3D domains is a rapidly growing field [24].
Early approaches aligned point cloud encoders directly with LLMs [33] 37, [65]
81], as seen in PointLLM [8T], Point-Bind [33], and GPT4Point [65]. While effec-
tive, they heavily depend on the availability of high-quality 3D data. To bypass
the need for direct 3D input, multi-view approaches [41], 66, [76, 099, T0T] like
Video-3D LLM [99] and GPT4Scene [66] project 2D features into 3D space us-
ing positional embeddings or BEV rendering. More recent works attempt to lift
2D representations via auxiliary geometric supervision: Ross3D [76] utilizes re-
constructive instruction tuning with bird’s-eye-view supervision, while 3DRS [41]
and ThinkWith3D [I7] distill knowledge from pre-trained 3D backbones. How-
ever, these methods typically require complex multi-stage training pipelines or
task-specific geometric annotations (e.g., depth, camera pose). In contrast, our
approach leverages the implicit physical priors already present in pre-trained
video generation models, eliminating the need for explicit geometric supervision
or complex rendering pipelines.
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2.2 Spatial Reasoning

While MLLMs excel at semantic recognition, they often suffer from "spatial
blindness" when tasked with geometric reasoning or determining spatial rela-
tionships, as highlighted by benchmarks [43], 53], [83], [84], 92] like Sphere [92] and
VSI-Bench [83]. To mitigate this, one line of research focuses on scaling data:
Spatial VLM [9] and VLM-3R [25] train on massive datasets of spatial reason-
ing instructions to embed geometric concepts. Another direction explores mental
simulation or chain-of-thought prompting [32], where models like MindCube [86]
and CVP [I6] verify spatial logic through auxiliary cognitive maps or reconstruc-
tion.

Distinct from these approaches, which treat spatial reasoning as a linguistic
or logical problem, we treat it as a representational problem. By fusing generative
video priors, we ground the MLLM’s reasoning in a physically consistent world
model, enabling intuitive spatial understanding akin to human perception.

2.3 Video Generation Models

Video generation has rapidly progressed to high-fidelity, long-horizon synthesis
[5, B4L [49] [75] [85]. Recent large-scale models demonstrate strong temporal co-
herence, suggesting their latent spaces capture rich spatiotemporal regularities
[5, 49, [75]. Beyond visual fidelity, an emerging line of research focuses on structur-
ing and controlling these generators for downstream applications [3], 5], [69] [102].

Crucially, a recent wave of work connects video generation with 3D under-
standing, though typically by coupling generation with explicit geometric su-
pervision. For instance, Ross3D [76] and Omni-View [36] treat generation or
novel-view synthesis as trainable auxiliary tasks, relying on explicit geomet-
ric labels (e.g., depth, camera poses, or bird’s-eye-view targets) to inject con-
straints into the model. Other works integrate world models for reasoning and
control: MILO [7] utilizes implicit world modeling for spatial reasoning, Gaus-
sianDWM [23] couples a 3D Gaussian world model with unified scene under-
standing and generation, DyVA [90] pairs a video model with a VLM to infer
dynamics, and JEPA-VLA [62] injects predictive embeddings into policies for
robotic learning. In contrast, VEGA-3D keeps the video generator entirely
frozen and performs no generation or geometry estimation during training. We
instead extract the multi-view feature consistency inherent in a frozen diffusion
model as a label-free 3D prior. Our approach is thus orthogonal and complemen-
tary: advances in video generation translate directly into stronger 3D priors at
no annotation cost.

3 Preliminaries

Multimodal Large Language Models. Following standard protocols [57. [68],
we consider a multimodal large language model with parameters ©@. Given a
multimodal input consisting of text tokens x and visual inputs V, the visual
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content is mapped to a sequence of visual embeddings v = fpr0i(fenc(V)), where
fenc 1s a visual encoder (e.g., SigLIP [88]) and fpro; is a projector.

The MLLM is trained to maximize the likelihood of the response token se-
quence y given the context:

L
Lop(0) ==Y logpe (i | y<i x,v), (1)

i=1

where © denotes all trainable parameters (e.g., @ = (fim, enc, Oproj))-

Crucially, this supervision is sparse and discrete [, [11]. The loss is computed
in the vocabulary space, where spatial errors (e.g., predicting “left” vs. “right”)
are treated as generic token mismatches. Lacking geometric metric constraints,
standard discriminative encoders fo, often exhibit “spatial blindness,” focusing
on semantic presence rather than a precise spatial structure.

Video Diffusion Models. Modern video generators (e.g., Wan2.1 [75]) are Dif-
fusion Transformers trained with Flow Matching [54], which learns a continuous-
time transport field in the latent space. Given a clean latent video zy, we sample
Gaussian noise € ~ N (0,I) and a time ¢ ~ U(0,1), and train a flow network
vy (+) to regress the target velocity under MSE:

Loai() = Bag e |01 = vy (22, 1,013 (2)

where ¢ denotes conditioning signals. The corresponding target velocity is u; =
%. In implementation, we use a discrete timestep index k € {0,..., K} (with
K=1000) and its normalized time ¢, = .

4 Method

Our goal is to endow Multimodal Large Language Models (MLLMs) with the
implicit generative prior inherent in video generation models. As illustrated in
Fig. [ our framework introduces a dual-branch visual encoding mechanism that
synergizes the high-level semantic capabilities of a discriminative encoder (e.g.,
SigLIP [88]) and dense 3D structure priors from a generative video diffusion
model (e.g., Wan2.1 [75]). The methodology is organized into three logical stages:
(1) 3D Awareness Analysis (Sec. [1.1]), where we identify multi-view feature
consistency as the key indicator of geometric capability; (2) Latent World Sim-
ulation (Sec. , which operationalizes these insights by mining spatiotemporal
geometry from the generator’s intermediate representations via noise injection;
and (3) Bridging the Generative and Semantic Gap (Sec. , which adap-
tively integrates these heterogeneous features via a token-level adaptive gated
fusion mechanism to align with the MLLM.

4.1 3D Awareness via Multi-view Feature Consistency

A pivotal factor in robust 3D scene understanding is the ability to maintain con-
sistent representations of physical geometry across varying viewpoints. While
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Fig.4: Overview of the VEGA-3D framework. We repurpose a frozen video
generation model as a Latent World Simulator to extract implicit 3D priors. These
features are dynamically integrated with the semantic stream via Adaptive Gated
Fusion, equipping the MLLM with dense 3D structural awareness.

traditional discriminative models excel at semantic invariance, we hypothesize
that effective 3D reasoning often benefits from multi-view feature consistency,
which maps the same physical 3D point to a unified latent representation across
different views. To quantitatively verify this correlation and evaluate the geo-
metric integrity of different feature backbones, we introduce Multi-view Cor-
respondence Score.

Metric Definition. We utilize the ScanNet test dataset split [21], which pro-
vides posed RGB frames and dense depth maps (only for analysis). For a 3D
scene observed from V' views, we project the encoder features F,, from each view
into a shared global voxel grid using the ground-truth camera extrinsics and
depth. For a specific voxel m observed in two different views v; and v;, we ex-
tract the corresponding feature vectors h,, ,, and h;, ;. The consistency score
for this voxel is defined as cosine similarity:

S(m) — M (3)
X o [,

The final scene-level score is obtained by averaging SVOXC] over all valid voxel
pairs across the scene. A higher score indicates that the model implicitly aligns
distinct views of the same 3D structure.

Correlation and Architectural Analysis. To validate whether this consis-
tency serves as a reliable indicator for downstream 3D capability, we define a
Normalized Overall Score (NOS). It is calculated by normalizing the perfor-
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mance metrics in Tab. {4 to [0, 1] with Min-Max normalization across the dis-
criminative and generative models, explicitly including the baseline results to
establish a relative performance improvement, and then averaging them into a
single scalar.

As illustrated in Fig. [3] plotting the Correspondence Score against NOS re-
veals a distinct positive correlation, confirming that multi-view consistency is a
strong predictor of 3D performance. Furthermore, the results highlight a signifi-
cant architectural divergence. Models based on UNet architectures (e.g., SVD [4],
Stable Diffusion [70], Vmem [51I]) exhibit notably lower consistency scores. We
attribute this to the local inductive bias of convolutions and the insufficient scale
of data, which limits the receptive field and hinders long-range geometric align-
ment. In contrast, DiT based models (e.g., Wan2.1 [75]) leverage global attention
mechanisms to capture holistic context, achieving remarkably high consistency
(> 96%) and consequently superior downstream 3D understanding.

Guided by this evidence, VEGA-3D selects DiT-based architectures to pro-
vide robust spatial priors. Next, we detail how to actively extract these implicit
geometric representations from a frozen generative model.

4.2 Video Generative Model as a Latent World Simulator

Building on the premise that generative Fused Visual Tokens
models encapsulate physical laws, we adopt X
the pretrained, parameter-frozen Wan2.1- Gate AW’@‘WMW

T2V 1.3B [75] as our default generative en-
coder for its simple text-conditioning interface

Tnkm Level Weights

. . . '—’®
and strong localization-centric performance.
.. . Proj cclor
We additionally evaluate other video genera- J
tive models in Tab. [d] demonstrating that our
. . . . . Layer norm Ldyer norm
framework is compatible with different video
Gcncrauvc Projector & Semantic Projcctor (¢}

generative backbones. While traditional visual
encoders process raw pixel intensities, video
generative models operate in a compressed la- ~ Generative Latent Tokens __Semantic Visual Tokens

*

. . . ; 8 Trainable parame ters |
tent space governed by diffusion dynamics. P°°' ki 10 ?a‘““"l“ parameters
. . . Y .l 3% Frozen parameters
Given an input video sequence V € l}' ’i ' - Elementawise addition
! | 1
RT X HXW x3 Of T frames’ we ﬁrst map : | @ : Matrix multiplication i
:@ : Channel concatenate |

Generative Latent Feature |1 - - 1ATNEL CONCAICHAIE

it to a low-dimensional latent space via
the model’s Variational Autoencoder (VAE),
yielding zg = E(V). However, a static latent
representation zq is insufficient to activate the
generative model’s reasoning capabilities fully.
Diffusion models are trained to enforce struc-
tural coherence primarily during active denoising of a corrupted signal; the pro-
cess of restoration reveals the model’s understanding of structure. Therefore,
we perturb the clean latent along the same Flow Matching noising path used
by the pretrained backbone. Specifically, we choose a discrete timestep index

Fig. 5: Adaptive Gated Fusion.
It dynamically integrates heteroge-
neous features using a token-level
gating mechanism.
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k € {0,...,K} and define the normalized time as t, = % We then sample
€ ~ N (0,I) and construct:

Z, = (lftk)20+tk €. (4)

We feed zj into the backbone &(-) using an empty text prompt (Crext = "").
This ensures that the activated features rely solely on the visual signal and
the model’s learned physics, minimizing semantic hallucination. We empirically
select features from the specific intermediate DiT layer [, as they offer an optimal
trade-off between spatial precision and abstract spatiotemporal context:

fraw = 9p(l)(zlm k; Ctext = " ")~ (5)

After Adaptive Average Pooling to match the semantic tokenization, we obtain
the generative representation fye, € RT*N*Pren While this noise-driven process
effectively extracts implicit 3D knowledge, these continuous physical features
inherently misalign with the MLLM’s discrete semantic space. To bridge this
semantic-geometric gap, VEGA-3D introduces a tailored fusion strategy.

4.3 Bridging the Generative and Semantic Gap

The generative features fyer, and semantic features fiem reside in fundamentally
different manifolds. To effectively synergize them, we introduce a mechanism to
bridge this gap.

As shown in Fig. 5] we first project both streams into the LLM’s hidden
dimension Dy, via independent MLP projectors Pgen and Pier, aligning them
to a shared embedding space:

Fgen = Pgen(fgen)7 Fsem = Psem(fsem)~ (6>

Here, Fgen, Feem € RT*NXDum where T is the number of frames and N is the
number of tokens per frame.

To avoid simply averaging conflicting signals, we employ an Adaptive Gated
Fusion mechanism. This allows the model to adaptively weigh semantic versus
structural cues for each specific token location. For the i-th spatial token F;, we
compute a scalar gate g; € [0,1]:

g; = O’(W;— Concat (LN(Fgen,i)u LN(Fsem,i)) + bg) ? (7>

where o(-) is the sigmoid function, LN denotes Layer Normalization, and W is
a learnable weight vector. The final fused representation is a convex combination
determined by this gate:

Fived — (1 — g)  Faenii + 9i - Feem.i- (8)

Crucially, this gate g; acts as a semantic-geometric arbitrator: it enables the
model to prioritize semantic priors for recognition tasks, while dynamically shift-
ing attention to generative world knowledge for tasks requiring spatial reasoning.
By seamlessly integrating continuous spatial priors with discrete semantic repre-
sentations, VEGA-3D overcomes the spatial blindness of traditional encoders,
achieving dense 3D understanding without explicit geometric supervision.
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Table 1: Performance comparison on 3D scene understanding benchmarks. Specialists
are single-task methods, while generalists target multiple tasks. f indicates the model
is trained on extra datasets; { indicates the model additionally uses BEV (bird’s-eye-
view) reconstruction supervision rendered from depth and camera poses. Bold marks
the best result in each column, and the Avg. Rank is recomputed over all listed methods.
The baseline model is Video-3D LLM.

ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D\Avg.

Method Ref.

ACC,25 ACC_5 F1.25 F1.5 C‘5 B—4.5 C EM EM ‘Rank
Specialists
ScanRefer [10] ECCV 20 373 243 - - - - - - - 18.5
MVT [39] CVPR 22 40.8 33.3 - - — - — — - 17.5
3DVG-Trans [95] ICCV 21 459 345 - — — — — — — 16.0
ViL3DRel [12] NeurIPS 21 47.9 37.7 - - - - - - - 14.5
M3DRef-CLIP [93] ICCV 23 51.9 44.7 42.8 38.4 11.5
Scan2Cap [19] CVPR 21 - - - - 35.2 224 - - - 17.5
ScanQA [2] CVPR 22 - - - - - - 64.9 21.1 47.2 14.3
3D-VisTA [104] ICCV 23 50.6 45.8 - - 66.9 34.0 69.6 22.4 48.5 12.4
Generalists
Chat-3D [78] Arxiv 23 - - - - - - 53.2 - - 18.0
Chat-3D v2 [37] Arxiv 23 42.5 38.4 45.1 41.6 639 31.8 876 - 54.7 |12.5
LL3DA [13] CVPR 24 - - — - 62.9 36.0 76.8 — - 14.0
LEO [38] ICML 24 - - - - 72.4 38.2 101.4 21.5 50.0 10.0
Grounded3D-LLM [14] Arxiv 24 479 44.1 45.2 40.6 70.6 35.5 T72.7 - - 12.3
PQ3D [105] ECCV 24 57.0 51.2 - 50.1 80.3 36.0 - - 47.1 9.2
ChatScene [37] NeurIPS 24 55.5 50.2 57.1 524 77.1 36.3 87.7 21.6 54.6 8.8
SceneLLM [29] WACV 25 — — — - — - 80.0 27.2 53.6 |10.3
Inst3D-LLM [&7] CVPR 25 57.8 51.6 58.3 53.5 79.7 38.3 88.6 24.6 - 6.8
3D-LLaVA [22] CVPR 25 51.2 40.6 - - 78.8 36.9 92.6 — 54.5 9.8
3DRS [47] NeurIPS 25 62.9 56.1 60.4 54.9 86.1 41.6 104.8 30.3 60.6 2.7
LLaVA-3D [103] ICCV 25 50.1 42.7 49.8 43.6 84.1 426 - 30.6 60.1 6.6
Ross3Di [76] ICCV 25 61.1 54.4 59.6 54.3 81.3 43.4 107.0 30.8 63.0 | 2.6
LLaVA-4D7 [101] ICLR 26 - 53.2 - 54.3 85.3 45.7 97.8 - — 3.4
Omni-Viewt [36] ICLR 26 50.8 45.0 - - - - 103.0 29.5 59.2 7.0
Fase3D [61] CVPR 26 78.1 41.3 91.7 54.3 8.8
Video-3D LLM [99] CVPR 25 58.1 51.7 58.0 52.7 83.8 41.3 102.1 30.1 58.6 5.1
VEGA-3D (Ours) - 63.2 56.2 60.8 55.1 83.2 42.2 106.3 30.4 61.3 2.2

5 Experiments

5.1 Implementation Details

We evaluate our framework on three representative axes: (i) 3D scene under-
standing on ScanRefer [I0], Multi3DRefer [93], Scan2Cap [19], ScanQA [2], and
SQA3D [60]; (ii) spatial reasoning on VSI-Bench [83] with diverse capability
categories and (iii) robotic manipulation on LIBERO [55] with four task suites
and their average success rate. These benchmarks and reported metrics follow
the standard protocols summarized in our main tables.

For 3D scene understanding, we build upon Video-3D LLM [99] as our base-
line generalist and select Wan2.1-T2V 1.3B [75] as the latent world simulator
plus an adaptive gated fusion module. For VSI-Bench [83], we adopt Qwen2.5VL-
7B [67] as the baseline and attach the same plug-and-play generative branch,
and the training datasets follow VG-LLM [97]. For LIBERO [55], we start from
OpenVLA-OFT [47] and inject generative priors into the visual stream before
policy learning. This design keeps the overall training and evaluation pipelines
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Table 2: The comparison with state-of-the-art models on VSI-Bench. Spatial-Enhanced
Models are models that are specialized for spatial reasoning. 1 indicates the baseline

model’s performance is finetuned on the same training dataset configurations. The
baseline model is Qwen2.5VL-7B.

<,
N & 3
S Py o 4& %' N '57
S A A
F & & S v o S5 &
S v & & & & & F
Model Avg. Numerical Answer Multiple-Choice Answer
Proprietary Models (API)
GPT-4o [42] 34.0| 46.2 5.3 43.8 38.2 37.0 41.3 31.5 28.5
Gemini-1.5-Pro [31] 45.4 56.2 30.9 64.1 43.6 51.3 46.3 36.0 34.6
Gemini-1.5-Flash [31] 42.1 | 49.8 30.8 53.5 54.4 37.7 41.0 31.5 37.8
Open-source Models
LongVA-7B [91] 29.2 | 38.0 16.6 38.9 22.2 33.1 43.3 25.4 15.7
LongVILA-8B [15] 21.6 | 29.1 9.1 16.7 0.0 29.6  30.7 32.5 25.5
InternVL2-8B [1§] 34.6 | 23.1 28.7  48.2 39.8 36.7 30.7 29.9 39.6
InternVL2-40B [18] 36.0| 34.9 26.9 46.5 31.8 42.1 322 34.0 39.6
VILA-1.5-40B [59] 31.2| 224 24.8 48.7 22.7 40.5 25.7 31.5 32.9
LLaVA-OneVision-7B [50] 32.4 47.7 20.2 47.4 12.3 42.5 35.2 29.4 24.4

LLaVA-OneVision-72B [50] 40.2 | 43.5 23.9 57.6 375 425 399 325 44.6
LLaVA-NeXT-Video-7B [56] |35.6| 48.5 14.0 47.8 242 435 424  34.0 30.6
LLaVA-NeXT-Video-72B [56] | 40.9 | 48.9 22.8 57.4 353 424 36.7 35.0 48.6
Spatial-Enhanced Models

Video-R1-7B [27] 371 - - - - - - - -
vsGRPO-V-7B [52] 40.7 | 59.9 29.6  50.8 48.3 35.4 356 34.0 31.5
SPAR-8B [89] 41.1 - - - - - - - -
SpaceR-7B [64] 45.6 - - - - - - - -
3DRS-7B [41] 45.9 | 68.7 34.8 53.6 56.6 40.9 43.2 30.4 39.2
VG-LLM-4B [98] 45.9 | 65.6 37.4 548 60.2 42.3 46.3 33.0 25.9
VG-LLM-8B [98] 50.1| 67.2 38.0 59.3 63.2 47.0 43.9 33.0 49.4
Qwen2.5VL-7TB t [67] 48.9 | 68.3 37.0 57.4 58.7 39.7 43.0 294 57.8
VEGA-3D (Ours) 50.5| 69.7 35.9  58.0 60.8 45.1 43.1 30.9 60.5

consistent with the corresponding baselines, while isolating the effect of genera-
tive priors. More details are provided in Supplementary.

For both training and inference, we uniformly sample 32 frames per scan to
construct multi-view image sets. The Flow-Matching time interval ¢ € [0,1] is
discretized into K'=1000 steps in the pretrained Wan2.1 backbone. We denote
the discrete timestep index as k and use tj = % as the normalized time. By
default, we extract features at k=300 (i.e., t,=0.3) from the 20th DiT layer.
When calculating the correspondence score, we use a voxel size of 0.1 for vox-
elization. All models are optimized using Adam, with a batch size of 128 and a
warm-up ratio of 0.03. The learning rates are set to a maximum of 1 x 10~° for
the language model and 2 x 1076 for the visual backbone during the warm-up
period. We use 8 H100 NVIDIA GPUs for all experiments.

5.2 Main Results on 3D Scene Understanding

Tab. [1] reports the main results on five 3D scene understanding benchmarks,
covering spatial grounding, dense captioning, and question answering. Overall,
our VEGA-3D consistently improves over the Video-3D LLM [99] baseline across
most metrics, particularly excelling in localization-centric tasks (e.g., boosting
ScanRefer Acc@0.5 from 51.7 to 56.2, SQA3D EM 58.6 to 61.3).

This performance divergence across different tasks suggest an informative
pattern about when generative priors help most. We observe notable gains in
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grounding and spatial QA, where the implicit 3D structural awareness extracted
from the generative backbone acts as a robust spatial anchor, which helps reduce
the spatial ambiguity of standard MLLMs (see Fig. b)) The slight CIDEr drop
in Scan2Cap may indicate a semantic-geometry trade-off: emphasizing structural
cues may weaken fine-grained lexical details. Our Adaptive Gated Fusion aims
to balance this by token-wise weighting between the two streams.

Notably, in contrast to prevailing state-of-the-art methods that rely on heavy
geometric supervision [4I] via external 3D teachers [77], BEV reconstruction tar-
gets rendered from depth and camera poses [76], or curated 3D-heavy datasets
[101], our improvements are achieved entirely without explicit 3D annotations.
In particular, while the reconstruction-based Ross3D [76] attains higher ScanQA
and SQA3D scores through its BEV supervision, VEGA-3D still achieves the
best overall average rank and leads on every grounding-oriented metric, suggest-
ing that label-free generative priors are competitive with explicit geometric su-
pervision for localization-centric understanding. This conveys a powerful insight:
large-scale video generation models, through the pretext of temporal synthesis,
have already internalized a robust 3D world model from the vast causality of
the natural world. By repurposing these models as Latent World Simulators, we
bypass the data-scarcity bottleneck posed by 3D-specific labels. This framework
offers a highly scalable, data-efficient paradigm, demonstrating that the next
frontier for 3D spatial awareness in MLLMs may not lie in more 3D data but in
unleashing the physical priors already dormant within generative foundations.

5.3 Generalization to Spatial Reasoning and Manipulation

To validate the generalization ability of VEGA-3D, we extend our evaluation to
3D visual-spatial reasoning and embodied manipulation.

Spatial reasoning on VSI-Bench. Tab. 2] evaluates spatial reasoning on VSI-
Bench [83], a comprehensive benchmark designed to diagnose diverse visual-
spatial skills from videos, such as relative distance and route planning. By seam-
lessly augmenting the Qwen2.5VL-7B [67] baseline with our generative priors, we
observe consistent gains across the overall average and multiple sub-categories.
This trend aligns with the recent emphasis on geometry-aware mechanisms for
spatial reasoning, yet our method remains lightweight and plug-and-play.

Table 3: The comparison of the simulation robotic manipulation benchmark LIBERO,
the performance is evaluated with the average success rate SR (%).

Method Reference Spatial Object Goal Long Avg.
Diffusion Policy [20] ICRR 23 78.3 92.5 68.3 50.5 72.4
Octo [72] RSS 24 78.9 85.7 84.6 51.1 75.1
OpenVLA [48] CoRL 24 84.7 88.4 79.2 53.7 76.5
DiT Policy [35] ICCV 25 84.2 96.3 85.4 63.8 82.4
CoT-VLA [96] CVPR 25 87.5 91.6 87.6 69.0 81.1
UniVLA [6] RSS 25 96.5 96.8 95.6 92.0 95.2
OpenVLA-OFT [47] RSS 25 97.5 98.3 97.8 94.4 97.0

VEGA-3D (Ours) - 97.4 99.4 97.0 95.2 97.3




Generation Models Know Space: VEGA-3D 13

Robotic manipulation on LIBERO. Beyond passive reasoning, we assess
whether our generative priors can ground active physical agents. Tab. [3] reports
success rates on the LIBERO [55] suite, a challenging simulation benchmark for
robotic manipulation. We treat VEGA-3D as a drop-in visual enhancement for
Vision-Language-Action (VLA) models: starting from a pre-trained OpenVLA-
OFT [47], we leave the language backbone and action head unchanged and only
augment the visual stream, injecting the frozen Latent World Simulator features
through the same adaptive gated fusion module used for scene understanding be-
fore policy learning. Despite being extracted without explicit action-conditioned
training, the generative priors improve the already highly saturated baseline,
with the clearest gains on the object-centric and long-horizon suites that de-
mand precise contact localization and persistent spatial memory. This indicates
that the spatial regularities embedded in the Latent World Simulator transfer
to action grounding, supplying the policy with a geometry-aware visual repre-
sentation rather than additional action supervision.

Towards World-Action Models. These results suggest a shift towards World-
Action Models (WAMs): instead of relying on explicit 3D encoders, a frozen
video generator acts as a foundational World Model to directly ground the action
policy. This synergy offers three key advantages: (i) Modularity: Spatial priors
are injected at the visual-token level, leaving the policy and language backbones
intact. (ii) Scalability: Physical intelligence stems from large-scale video pre-
training, meaning advances in world simulation directly translate to stronger
action grounding without extra robotic annotations.

Real-robot manipulation. To test transfer beyond simulation, we deploy our
model on real Agilex Piper arms following the RoboTwin [63] protocol. On the
Click Bell task, VEGA-3D improves over the baseline policy from 40% (8/20) to
55% (11,/20), indicating that the prior can transfer to real-world manipulation.

5.4 Ablation Studies

To validate our design choices, we conduct comprehensive ablation studies using
Wan2.1-T2V as the default generative encoder. We note that VACE can achieve
higher QA scores, while T2V provides stronger grounding-oriented performance;
thus, we keep T2V as the default encoder.

Generative vs. Discriminative Priors.

Tab. 4{and Fig. b) reveal a strong positive correlation between multi-view con-
sistency and 3D scene understanding. While traditional discriminative models
(e.g., DINO V3 [T1], V-JEPA v2 [I], SigLIP [88]) offer rich semantics, they lack
explicit 3D consistency. Conversely, DiT-based generative models and 3D fou-
dation model like VGGT [77] excel at capturing robust spatial priors. DiTs sig-
nificantly outperform UNet-based models, as their global attention mechanisms
preserve long-range geometric dependencies better than local convolutions. This
confirms that video generation models provide superior 3D prior for spatial rea-
soning compared to standard visual learners.
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Table 4: Experiments on using different discriminative and generative foundation

models. Bold denotes the best in each group.

Models Params

ScanRefer Multi3DRefer Scan2Cap ScanQA SQA3D

Acc o5 Accs F1 o5

Fl; Cs B4s C EM EM

52.7 83.8 41.3 102.1 30.1 58.6

54.7 79.8 41.5 106.6 30.7 61.2
54.1 80.6 41.1 105.9 30.5 61.9
54.5 82.8 42.0 105.8 30.5 61.4

Baseline - 58.1 51.7 58.0
Discriminative Models

V-JEPA v2 [d] 1B 61.7 54.9 60.2
DinoV3-Large [71] 0.3B 61.1 54.2 59.6
VGGT [77] 1.1B 62.3 55.3 60.1
Generative Models

Stable Video Diffusion [4] 1.5B 61.3 54.8 59.9
Stable Diffusion 2.1 [70] 0.9B 62.1 55.1 60.3
Vmem [51] 1.3B 62.5 55.7 60.2
SEVA [102] 1.3B 62.3 555 60.1
VAE [70] 0.08B 62.0 55.1 60.3
Wan2.1-VACE [44] 1.3B 62.2 55.3 60.3
Wan2.1-T2V [75] 1.3B 63.2 56.2 60.8

54.6 80.9 41.9 105.1 30.1 61.3
54.9 83.0 42.0 106.8 30.4 60.6
54.7 82.0 41.9 106.0 30.0 61.4
54.5 82.5 42.1 107.6 30.8 60.9
54.8 83.7 42.3 106.0 30.5 61.4
55.0 82.8 42.7 107.8 31.0 61.8
55.1 83.2 42.2 106.3 30.4 61.3

Dynamics of Internal Representations: Noise Levels and Layers. The
generative prior varies significantly across the diffusion process and network
depth (Fig. [6). (i) Noise Ratio tj: Performance peaks at intermediate noise
level. Clean latents underutilize the model’s denoising capabilities, while exces-
sive noise destroys structural signals. Moderate noise optimally forces the model
to engage its learned physics to restore underlying 3D structures. (ii) Layer Se-
lection: Intermediate layers provide the optimal abstraction for spatial reason-
ing, effectively balancing the low-level textures of early layers and the pixel-level

rendering of deeper layers.
Effectiveness of Adaptive Gated Fusion.

Tab. [§] demonstrates the necessity of our
Adaptive Gated Fusion. Relying solely on gen-
erative features causes a substantial perfor-
mance drop, confirming that generative pri-
ors complement rather than replace seman-
tic representations. Among lightweight fusion
variants, our method achieves the best over-
all trade-off: it outperforms other fusion base-
lines on most metrics, and matches the best
results on ScanQA (C/EM). We note that a
naive Add operation attains a slightly higher
SQA3D EM (61.8 vs. 61.3), but it is con-
sistently weaker on grounding and caption-
ing metrics, suggesting that a fixed, non-
adaptive fusion weight cannot reliably resolve
the semantic-generative distribution gap. In
contrast, our token-level gating dynamically
balances semantic and geometric priors, yield-
ing more consistent gains across diverse tasks.
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Fig.6: Ablation studies on
noise injection and DiT depth.
(a) Performance peaks at interme-
diate noise levels. (b) Specific in-
termediate layers capture the most
robust geometric cues.
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Table 5: Ablation study of the effects of different feature fusion modules. All models
are finetuned with the same training data and built on Wan2.1-T2V 1.3B at sampling
step k = 300 and the 20th layer feature.

ScanRefer Multi3DRefer Scan2Cap ScanQA  SQA3D

Type

Acc.25 Acc.5 F1.25 Fl1.5 C.5 B-45 C EM EM
Baseline 58.1 51.7 58.0 52.7 83.8 41.3 102.1 30.1 58.6
Only generative features 54.9 48.3 53.7 48.6 25.2 30.0 74.0 21.1 52.0
Add 61.5 54.6 59.6 54.1 814 41.6 106.3 30.4 61.8
Channel Concat+MLP 55.1 48.9 53.6 48.7 33.2 31.8 81.6 229 523
Sequence Concat 59.5 53.0 584 53.2 794 41.0 104.7 30.2 61.5
Cross-Attn (1 Layer) 58.5 51.9 579 526 488 34.7 1049 29.6 61.0
Cross-Attn (3 Layers) 58.0 51.5 57.5 52.1 47.8 34.8 102.2 29.2 60.5
Channel-Level-Gated 61.8 54.9 60.0 54.4 82.2 41.9 105.7 30.3 61.2

Adaptive-Gated-Fusion(Ours) 63.2 56.2 60.8 55.1 83.2 42.2 106.3 30.4 61.3
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> »
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200 17387

[ 26.98 2 s - 13331
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Fig.7: Inference overhead We cache the Wan2.1-T2V features once per scene
and reuse them for all questions, substantially reducing inference overhead. The gray
dashed line indicates the baseline result without the generative branch.

6 Conclusion

We introduce VEGA-3D, a plug-and-play framework that repurposes mod-
ern video generation models as Latent World Simulators to mitigate the spatial
blindness of MLLMs. By activating these priors via noise injection and aligning
them with semantic tokens through Adaptive Gated Fusion, VEGA-3D injects
dense geometric anchors into MLLMs, consistently improving scene understand-
ing, spatial reasoning, and manipulation without extra 3D supervision.

Limitations and Future Work. Incorporating a video diffusion backbone
increases inference cost (Fig. [7). Nevertheless, it delivers substantial and consis-
tent performance gains, making the trade-off acceptable in practice. Future work
will distill these priors into lightweight encoders, extend the framework to more
dynamic scene understanding, and scale the plug-and-play generative prior to
larger Vision-Language-Action models for closed-loop embodied control.
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