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Abstract

Previous research has investigated the application of Multimodal Large Language
Models (MLLMs) in understanding 3D scenes by interpreting them as videos.
These approaches generally depend on comprehensive 3D data inputs, such as
point clouds or reconstructed Bird’s-Eye View (BEV) maps. In our research, we
advance this field by enhancing the capability of MLLMs to understand and reason
in 3D spaces directly from video data, without the need for additional 3D input.
We propose a novel and efficient method called the Video-3D Geometry Large
Language Model (VG LLM). Our approach utilizes a 3D visual geometry encoder
to extract 3D prior information from video sequences. This information is then
integrated with visual tokens and input into the MLLM. Extensive experiments
have shown that our method has achieved substantial improvements in various
tasks related to 3D scene understanding and spatial reasoning, all directly learned
from video sources. Impressively, our 4B model, which does not rely on explicit
3D data inputs, achieves competitive results compared to existing state-of-the-art
methods, and even surpasses the Gemini-1.5-Pro in the VSI-Bench evaluations.

1 Introduction

Rapid advancements and impressive performance of Multimodal Large Language Models (MLLMs)

[2, 24, 26, 29, 32, 39, 40, 43] have driven their applications in various fields, such as 3D scene
understanding [ 11, 20, 21, 22, 35, 58, 63], vision-language-action models [3, 25, 36, 47], embodied
navigation [55, 59, 61], and learning 3D knowledge from videos [35, 55, 58].

Efforts [35, 41, 58] have been made to improve the 3D spatial understanding capability of MLLMs by
considering scenes as video sequences. For example, Video-3D LLM [4 1, 58] injects 3D coordinates

into visual features at patch level to improve 3D perception. GPT4Scene [35] leverages BEV
maps [28] rendered from reconstructed 3D point clouds for global awareness. However, a shared
limitation of these approaches is their dependence on dense 3D data input (e.g., depth maps and
point maps), which are often hard to acquire in certain real-world scenarios. Although estimating 3D
attributes directly from images is possible [38, 42], it can introduce estimation errors and therefore
degrade the performance, thus restricting their practical applicability. This naturally leads to the
question: “Can MLLMs understand the 3D world directly from videos without any explicit 3D data
input?”

Recent research [50] has shown that MLLMs face difficulties in understanding 3D geometry from
encoded visual representations. This issue arises because these MLLMs process video frames as
separate tokens through a visual encoder, which fails to capture crucial 3D geometric information,
such as correspondences across frames [30]. Consequently, the MLLM backbone has to infer the
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3D structure from the visual tokens to comprehend spatial relationships, which is both challenging
and resource-intensive. This process often requires extensive super@isian{4] and meticulous
design to prevent issues such as catastrophic forgetting during ne-tunihgilhese challenges
highlight the critical need for methods that can incorporate 3D geometry priors into MLLMSs.

In this work, we propos&ideo-3DGeometryLLM (VG LLM), a novel framework designed to
explicitly integrate 3D visual geometry priors into MLLMs. To achieve this, we introduce a 3D
visual geometry encoder that enriches input visual sequences with additional geometric information.
Speci cally, input images are processed by both a conventional visual encoder and the newly
integrated 3D visual geometry encoder. The features extracted by these encoders are fused at the
patch level and subsequently passed to the MLLM backbone. As the 3D visual geometry encoder
is pre-trained on tasks such as point map prediction on pairs or sequences of ifiages]], it

embeds strong 3D perception prior knowledge and is able to capture correspondences across frames.
By doing so, VG LLM can effectively incorporate 3D geometry priors into the model and become
more robust to viewpoint transformations, signi cantly improving its spatial reasoning abilities.

Extensive experiments have been conducted on various 3D scene understanding and spatial reasoning
tasks, where the model accepts video input. These 3D scene understanding tasks include 3D visual
grounding [], 3D dense captioning?], and 3D video object detectiorif]. For spatial reasoning

tasks, we evaluate our model on VSI-Bengh][and CV-Bench {0]. The experiments show that our
ne-tuned model outperforms larger spatial-enhanced models by a substantial margin. The results
uncover several interesting ndings: (1) Without explicit dense 3D inputs, our approach outperforms
many leading 3D input-based models, underscoring its effective 3D geometric understanding. (2) By
implicitly modeling inter-frame correspondences within the visual representation, our 8B model has
learned strong egocentric-allocentric transformation capabilities, leading to signi cant improvements
of precision byl11.9% and F1 by10.7% on 3D video object detection. (3) On tasks that require
complex spatial reasoning skilise., VSI-Bench (], our 4B model attains an impressive average
score 0f47.3%, surpassing even the best proprietary model, Gemini-1.5-Pfofurthermore, our

8B model sets a new state-of-the-art performance with a sc@®.@%. This highlights the great

utility of 3D geometry modeling in broader scenarios.

2 Related Work

Multimodal Large Language Models (MLLMs). MLLMs [ 2, 24, 26, 29, , 40, 43] have
achieved signi cant progress in 2D image and video understanding. However recent ndings]
indicate a critical limitation: current MLLMs still struggle with complex visual spatial reasoning
tasks. To address this challenge, some research efforis,[43] have focused on enhancing the
models' ability to perceive and process spatial relationships through improved model representation.
For example, Cambrian-%{] integrates self-supervised 2D visual representations with semantically
rich features, aiming to provide a more comprehensive understanding of visual content that could
bene t spatial reasoning. These methods focus on enriching the representation of each individual
image, neglecting the 3D geometry information inherent in the continuous frames of a video. In
contrast, our approach integrates 3D geometry priors from the video into the MLLM.

3D Large Language Models. Recent efforts 1, 13, 18, 20, 35, 58] have focused on enabling
MLLMs to better understand 3D scenes. Previous work develops comprehensive 3D scene rep-
resentations by using different types of 3D data. These include point cloud featuyres,[49],

lifted multi-view image featuresl]g, 20, 63, treating multi-view images as video sequences pé).

The most closely related approaches are Video-3D LER)],[which integrates positional mforma-

tion into the visual representation, and GPT4Scernig fvhich constructs BEV maps through 3D
reconstruction. In contrast to these methods, our model does not require any explicit dense 3D inputs.

Spatial Reasoning. Some work §, 6, 14] has enhanced spatial understanding through large-scale
synthesized VQA datasets for improved depth estimation. However, these methods primarily focus on
static images, overlooking the dynamic and relational aspects inherent in complex spatial reasoning
scenarios. To address this limitation, the Visual-Spatial Intelligence Benchmark (VSI-Béfkh) [
was introduced, explicitly evaluating relational reasoning and egocentric-allocentric transformation
abilities. Recognizing the scarcity of data for such complex scenarios, subsequent works like SAT
[37] and SPAR {4] have proposed data generation pipelines to synthesize spatial QA datasets for
supervised ne-tuning. In contrast, our model elicits 3D geometry information from the video and
injects it into the model architecture, improving its spatial reasoning capabilties.
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Figure 1:The architecture of our VG LLM. The 3D visual geometry encoder processes a sequence
of images to produce globally geometry-aware visual features, while the 2D visual encoder extracts
semantic-aware visual features from each individual imagevividly shows that the latent 3D
geometry tokens are able to recover the 3D scene if with a dense prediction head [42].

3 Method

We aim to model the 3D visual geometry in MLLMSs without relying on explicit dense 3D input. To
achieve this, as illustrated in Figure 1, we introduce a 3D visual geometry encoder to extract rich
visual-geometric features from multiple images and feed them into the MLLM backbone. Section 3.1
outlines the architecture design of our model, and Section 3.2 details the training process.

3.1 Architecture

Preliminary. Given a sequence of RGB imagfalsg{‘:l and a natural language questiQn a
conventional MLLM utilizes a 2D visual encoder to encode these images into image Mkeds

RbyC bgc ¢ rst, wherel; 2 R" V¥ 2 andpis the patch size. Then an MLLM backbone accepts
fTV g, as its input and outputs the response. In this work, we choose Qwen2.5}\dk the
MLLM backbone. Note that Qwen2.5-VL additionally compresses the image tokens to reduce the

computational cost. Qwen2.5-VL groups spatially adja@nt2 patches into a single image token,
resulting in a smaller set of image token input to MLLM backboT]‘é? 2 RP%C bic ¢

3D Visual Geometry Encoder. To model 3D geometric information like inter-frame correspon-
dences within input frames, we employ a 3D visual geometry encoder to extract such information.

This 3D visual geometry encoder produces 3D visual geometry fedffres RP5C b5 ¢ from

all input imaged Iigi”:1 jointly. 3D visual geometry modelsi{, 38, 47] are natural candidates

for the 3D visual geometry encoder, as they are trained to capture inter-frame correspondences and
reconstruct 3D scenes without relying on additional 3D priors. These 3D visual geometry models
comprise three key components: an encoder for per-image feature extraction, a fusion decoder for
cross-frame interaction, and task-speci ¢ prediction heads for 3D attributes. Since we focus on feature
extraction, which embeds 3D geometry prior information, rather than directly outputting 3D attributes,
we leverage the encoder and the fusion decoder as our 3D visual geometry encoder. Speci cally, we
choose VGGT4Z] to extract 3D visual geometry features given its superior performance in 3D tasks.

Visual Feature Fusion. We fuse both the image tokefﬁi"og{‘:l and the 3D visual geometry
featuresf T®gL, before passing them into the MLLM backbone. We rst transform e&€h
into TiGO 2 RP#rC bzc ¢, which has the identical shape't'q’f’o, and then generate the geometry-
augmented visual featurds® = TS’ + TV°. The transformation oT ¢ aligns with the spatial
merging strategy in Qwen2.5-VL, where we concatenate spatially adjace@tfeatures inT,® and
pass them to a two-layer MLP to output a single featur'&‘?rol.



To this end, the nal visual featurdsTSg., are concatenated with the text embeddings of the
guestionQ into the MLLM backbone to produce the response.

3.2 Training

Our VG LLM offers a versatile framework designed to integrate 3D vision priors into MLLMs for
various 3D tasks. In this work, we demonstrate the application of VG LLM to 3D scene understanding
and spatial reasoning tasks.

3.2.1 Applying VG LLM to 3D Scene Understanding

To validate the ef cacy of the model in understanding and reasoning about 3D scenes, we adapt it
to several 3D scene understanding tasks, 3D visual grounding, 3D dense captioning, and 3D
video object detection. In contrast to previous work on understanding 3D scenes, our model relies
solely on RGB images as input during both training and inference, without any 3D scene data as
prerequisites. For 3D dense captioning, while we utilize pre-detected 3D proposals as the input, our
model itself operates solely on RGB images. We directly learn all 3D scene understanding tasks
through text generation, which obviates the need for task-speci ¢ heads while maintaining a simple
next-token prediction objective during training. The uni ed text generation objective allows us to
mix all tasks into a combined dataset for multi-task training. The detailed data format can be found
in the appendix.

Coordinate System and Representation. Since we do not utilize any ground truth information of

the 3D scene, we follow VGGT4[] to employ the coordinate system of the rst frame as the base
coordinate system. All coordinates are transformed into this base coordinate system (except for 3D
visual grounding, which represents the bounding box in each frame's coordinate system). All the
numbers are expressed in plain text with 2 decimal places.

3D Visual Grounding. We follow previous work 4] to formulate the 3D visual grounding task as

a 3D video grounding problem, which involves locating the frame index where the object appears
and its 3D bounding box in the corresponding frame's coordinates in one feed-forward pass. Unlike
SPAR [54], which generates axis-aligned boxes, our method directly predicts 3D-oriented bounding
boxes, making it more suitable for real-world scenarios. Speci cally, given the 3D scene represented
by framed11;1,; ;1,0, and a natural language que®y our model is designed to output both the
frame index and the bounding box in the fofryy; z; w; h;d; ; ; ), where(x;y; z) is the center
coordinate(w; h; d) is the object size, and; ; ) is the rotation angles.

3D Dense Captioning. We follow the recent work8s, 63] that decomposes the 3D dense captioning
task into two phasesg., detecting 3D object proposals with an off-the-shelf detector and generating
object descriptions based on object coordinates. Speci cally, given a frame sedlierice  ;1,0,

we prompt our model to “describe the object locatedxay; z) in detail”, where(x;y; z) is the

box center of the object to be described. This setup ensures a fair comparison with prior work and
effectively evaluates the model's ability to understand positional and spatial relationships.

3D Video Object Detection. To investigate the capability of handling egocentric-allocentric trans-
formation, we set up a 3D video object detection task based on the ScariNetilike previous
benchmarks that focus on monocular or multi-view detectit, [our task requires models to detect

all objects throughout the video in a uni ed coordinate system, without relying on explicit camera
parameters or depth information. Since some objects aren't visible in the rst frame, the model must
track changes between frames, estimate camera movement, and convert object locations from a global
view to the camera's perspective. Speci cally, given continuous video frdmnes,; ;1,g, the

model is tasked to detect all objedty;c;);  ;(bn;Cn)gthat appear in this video, where edgh

in the form(x;y; z;w; h;d; ; ; ) represents its bounding box in the uni ed coordinate system and

G is its category.

3.2.2 Instruction Tuning for Enhanced Spatial Reasoning.

Previous work §3, 62] has highlighted that existing pre-training and instruction tuning datasets
often lack suf cient spatial-related phrases in their annotations, consequently hindering the spatial
reasoning capabilities of MLLMs. To overcome this limitation, we leverage the SPARs7Miataset

for instruction tuning. SPAR-7M is a comprehensive spatial reasoning dataset curated from three



richly annotated 3D datasets: ScanNEi][ ScanNet++ 1], and Structure3D{0]. It encompasses

33 diverse tasks, ranging from fundamental perception to mid-level viewpoint transformation and
high-level scene imagination. As some work has shown that post-training on speci ¢ datasets can
sometimes degrade the original performance on general benchmarks, we also incorporate a visual
instruction tuning dataset, the LLaVA-Video-178K's LLaVA-Hound split’], into our training

pipeline to preserve the generalization capability.

4 Experiments

In this section, we rst present the implementation details of our model, followed by an evaluation
of our model's performance on 3D scene understanding tasks in Section 4.1, including 3D visual
grounding, 3D dense captioning, and 3D multi-view detection. Next, we provide a comprehensive
comparison with state-of-the-art methods on spatial reasoning benchmarks and generic multimodal
benchmarks in Section 4.2. 3D scene understanding emphasizes 3D perception, while spatial
reasoning focuses on interpreting and reasoning about spatial relationships in video. We train two
models for 3D scene understanding and spatial reasoning tasks separately for fair comparison. Finally,
we conduct a comprehensive analysis in Section 4.3 to reveal the effectivess of our model's core
aspects: the integration of 3D geometry, the feature fusion strategy, and the data composition.

Implementation and Training Details. Our models are built upon two sizes of Qwen2.5-VL—3B

and 7B P], and integrated with VGGT-1B/[’] as the 3D geometry encoder. We trained our models

for one epoch on a mixed dataset, detailed as followed in this section, and employed Adam with
a batch size of 64 and a warmup ratio of 0.03. During the warmup phase, the learning rate was
gradually increased to 1le-5 before linearly decaying to 0. In each training step, a batch was randomly
sampled from a single source from the mixed dataset. During training, the MLLM's visual encoder,
the integrated 3D geometry encoder, and the multimodal connector are frozen, while the MLLM
backbone remains unfrozen. All experiments were conducted on 8 H100 80G GPUs. For the 4B and
8B models, the training took 9 and 12 hours for 3D scene understanding, and 7 and 9 hours for spatial
reasoning, respectively.

4.1 3D Scene Understanding Tasks

4.1.1 Setting

Datasets and Benchmarks. To evaluate the versatility of our model across diverse 3D scene
understanding tasks, we employ a multi-task learning approach on a combination of datasets.

» 3D Visual GroundingWe leverage the ScanRefel dataset, which provides 36,665 object de-
scriptions paired with axis-aligned bounding boxes across 562 indoor scans. We follow SRAR [
to reformulate 3D visual grounding &P spatial-temporal video groundingiming to locate the
target object's bounding box in camera coordinates along with its corresponding frame index. To
determine the relevant appearance frame, we utilize the visible object annotations from Embodied-
Scan [I5]. We match the target 3D bounding box with those in EmbodiedScan based on their loU
and subsequently pick the optimal frame by comparing the 2D projection areas.

» 3D Dense CaptioningWe utilize the Scan2Cap benchmaftk for 3D dense captioning, which
requires generating descriptive captions for all objects within a scene. Following prior work
[22, 58, 63], we use Mask3D-detected object proposals extracted by I’E{oahd task our model
with generating captions conditioned on their center coordinates. To better leverage the visual
geometry, we transform all object center coordinates to the coordinates of the rst captured frame.

« 3D Video Object Detectiorizor 3D video object detection, we curated a dataset from EmbodiedScan
[45] consisting of consecutive frames and their corresponding visible object annotations in indoor
scenes. Each sample comprises four consecutive frames sampled at 1 FPS, with all associated object
instances transformed to the coordinate system of the initial frame. Consistent with EmbodiedScan,
we divide the data into 958 training and 243 evaluation scenes. Within each scene, we randomly
select 150/10 samples for training/evaluation.

Comparison Baselines. For the tasks of 3D visual grounding and dense captioning, our evaluation
includes comparisons with both task-speci ¢ expert models and general-purpose 3D models. Speci -
cally, for expert models, we compare our method against ScanR&féyT [ 23], and ViL3DRel

[10] on ScanRefer(]. On the Scan2Cap datasé},[we include Scan2Cag], 3DJCG [], D3Net

[9], and Vote2Cap-DETRI[?] for comparison. Furthermore, we compare our approach with the



generalist models, including Chat-3D v21], Grounded 3D-LLM [ 3], LL3DA [ 11],LEO [27],
LLaVA-3D [63], and Video-3D LLM [58]. For 3D video object detection, we compare our method
with a baseline (Qwen2.5-VL-3B [2]) that does not incorporate 3D geometry information.

Evaluation Metrics. For ScanRefer/], we report the accuracy at loU thresholds of 0.25 and 0.5.
For Scan2Capd], we use CIDEr (C), BLEU-4 (B-4), METEOR (M), and ROUGE (R) scores. The
“@0.5" suf x indicates that these metrics are computed only for objects detected with an loU of 0.5 or
higher against the ground truth. Lastly, for 3D video object detection, we report the accuracy, recall,
and F1 score for 20 common object classes at an loU threshold of 0.25.

4.1.2 Results on 3D Visual Grounding

Model 3'?n§ﬁf”e Acc@0.25  Acc@0.5 Model 3?ﬂ§ﬁf”e C@05 B-4@05 M@05 R@0.5
ScanRefer [7] 3 373 243 ScanzCap [7] 3 391 233 220 248
WT [24] 3 108 333 3DJCG [4] 3 495 51.0 24.2 50.8
VIL3DReI [10] 3 w79 i D3Net [7] 3 62.6 35.7 257 53.9

: : Vote2Cap-DETR [12] 3 61.8 345 26.2 54.4
3D-LLM [20] 3 30.3 - LL3DA [11] 3 65.2 36.8 26.0 55.0
Chat-3D v2 [21] 3 35.9 304 Chat-3D-v2 [21] 3 63.9 31.8 - -
Grounded 3D-LLM [13] 3 47.9 44.1 Grounded 3D-LLM [13] 3 70.2 35.0 - -
ChatScene [21] 3 55.5 50.2 LEO [22] 3 72.4 38.2 27.9 58.1
LLaVA-3D [63] 3 54.1 42.4 Chat-Scene [21] 3 77.1 36.5 - -
Video-3D LLM [58] 3 58.1 51.7 LLaVA-3D [63] 3 79.2 411 30.2 63.4
SPAR [54] 7 31.9(48.8) 12.4(43.1) Video-3D LLM [58] 3 80.0 40.2 285 61.7
VG LLM-4B (Ours) 7 36.4 (53.5) 11.8(47.5) VG LLM-4B (Ours) 7 ‘ 78.6 40.9 28.6 62.4
VG LLM-8B (Ours) 7 41.6(57.6) 14.9(50.9) VG LLM-8B (Ours) 7 80.0 415 28.9 62.6

Table 1:The quantitative results on Scan-  Table 2:The performance on Scan2CapVG LLM
Refer. The content in ()" indicates results captions 3D object proposals using RGB cues only.
with proposal re nemerit

Figure 2:Qualitative results for 3D visual grounding. The ground truth and prediction are masked
in blue and green, respectively. The predicted boxes are directly generated by our model without the
re nement process.

In addition to the directly predicted bounding boxes, we also follow SPARtp calculate the
re ned results with a proposal re nement procéss

VG LLM demonstrates strong 3D grounding capabilities from monocular RGB videos. The
performance on ScanRefer is shown in Table 1. Our 8B model achieves an accuracy of 41.6%
at an loU threshold of 0.25, signi cantly outperforming SPAR's 31.9% by 9.7 percentage points.
Moreover, with the integration of a proposal re nement technique, Acc@0.25 increases substantially
to 57.6%, making our results highly competitive with state-of-the-art methods like Video-3D LLM.
This demonstrates that 3D visual grounding can be effectively approached in a video grounding
manner.

Qualitative results for 3D visual grounding. Figure 2 illustrates the qualitative results on the
3D visual grounding task. For visualization purposes, the predicted and ground-truth 3D bounding
boxes are projected onto their respective 2D image planes. Our method effectively handles spatial

3For proposal re nement, we compare the predicted box against all proposals detected by Mask3D and select
the one with the highest loU.



relationships between object.g, away, opposite, next to), accurately identifying the corresponding
frame index and generating the 3D-oriented bounding box.

4.1.3 Results on 3D Dense Captioning

Our model processes 3D object proposals generated by an off-the-shelf 3D object detector.
Once these objects are localized, the model generates descriptions using only the RGB images and
the center coordinates of the detected objects, without requiring explicit depth or geometric data as
additional inputs. This approach achieves a score of 80.0 C@0.5 and 41.5 B-4@0.5, comparable to
previous state-of-the-art methods such as LLaVA-3D and Video-3D LLM. These results validate the
effectiveness of our model for 3D dense captioning when conditioned on 3D proposals.

4.1.4 Results on 3D Video Object Detection

Model ‘chair cabinet table bin couch bed bathtub toilet‘zocommws
‘ | Pss | Res | Flss

4-Frame Setting

Qwen2.5-VL-3B 377 102 350 231 390 648 324 68826 279 30.0
+ Visual GeometryYG LLM-4B ) | 49.7 131 413 392 446 712 335 83.41.7| 35.7| 38.2
4 Improvement +12.0 +29 +6.3 +16.1 +56 +6.4 +1.1 +14.69.1| +7.8| +8.2
Qwen2.5-VL-7B 412 116 365 30.2 411 68.2 36.6 68.B4.6| 31.0| 325
+ Visual GeometryYG LLM-8B ) | 54.0 17.1 465 39.8 47.0 741 421 8253.4| 39.6| 41.2
4 Improvement +12.8 +5.5 +10.0 +9.7 +59 +59 +55 +13.88.8| +8.6 | +8.7
6-Frame Setting
Qwen2.5-VL-3B 32.8 7.8 31.3 209 322 588 365 66127.8| 241 | 25.7
+ Visual GeometryYG LLM-4B ) | 416 124 39.8 33.1 450 70.2 338 80.89.7| 34.0| 36.4
4 Improvement +8.8 +4.6 +85 +12.2 +128 +114 -2.7 +14:4611.9| +9.9 | +10.7
Qwen2.5-VL-7B 36.1 10.6 32.7 25.0 40.7 646 384 68.81.8| 28.0| 29.6
+ Visual GeometryYG LLM-8B ) | 48.7 179 448 385 464 758 404 83235 38.7| 40.8
4 Improvement +12.6 +7.3 +12.1 +13.5 +5.7 +11.2 +2.0 +14411.7|+10.7|+11.2

Table 3:The results on 3D video detectionThe reported object categories follow the monocular
detection in EmbodiedScan, and we report the average F1 score per category.

Figure 3:Qualitative results for 3D video object detection.

As shown in Table 3, we follow the monocular detection of EmbodiedS¢ant¢ evaluate the
performance for categories that are common in daily life.

3D geometry signi cantly boosts cross-frame detection performance. Qwen2.5-VL [], upon

being ne-tuned on detection data, achieves promising performance on common object categories.
Incorporating 3D geometry!f] yields a substantial improvement across all evaluation metrics. In
the 4-frame setting, this approach elevates the average F1 score for the 4B model by 8.2% (from
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