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A. Overview

In this supplementary material, we first provide additional
details on constructing the 3DGS dataset from the large-
scale nuScenes dataset, as well as the caption dataset used
for trajectory prediction. We then describe the implemen-
tation and training details in Sec. C and Sec. D. Finally,
in Sec. E, we present extensive experimental results across
various datasets.

B. Dataset Details

To represent scenes from the NuScenes dataset [2] using
3D Gaussians, we construct the first large-scale 3D Gaus-
sian dataset for outdoor urban environments, comprising
800 scenes derived from the original nuScenes sequences.
Our goal is to build a dataset that enables generalizable 3D
Gaussian—based scene understanding with LLMs, provid-
ing high-quality geometry and appearance representations
suitable for downstream reasoning tasks.

Dataset Processing Many scenes contain frames with very
low overlap or severe motion blur, making it difficult to ob-
tain accurate 3DGS reconstructions. Therefore, we remove
images or entire scenes whose reconstruction quality does
not meet our standard. Since NuScenes dataset [2] provides
high-quality LiDAR point clouds, we initialize each scene
using aggregated LiDAR points, avoiding the large-scale in-
accuracies that would arise from using COLMAP as in con-
ventional 3DGS pipelines. For scenes with available depth
supervision, we additionally apply a depth loss to improve
geometric fidelity. After optimization, we further filter re-
constructed scenes based on the PSNR metric before using
them as inputs for our pre-training.

Language Label Collection and Training Our language
label collection aims to establish 3D language paired data
by associating each 3D Gaussian primitive with a rich lan-
guage feature f;. We build upon LangSplat [6] to con-
struct a 3DGS language field. These embeddings are ob-
tained from CLIP features, which inherit hierarchical se-

mantics extracted via SAM [4]. We then follow the standard
3DGS rendering strategy, incorporating language informa-
tion directly into the Gaussian primitives. As a collection of
anisotropic 3D Gaussians, with each Gaussian G(x) char-
acterized by a mean p € R3 and a covariance matrix ¥:

G(z) = exp (;< )T - m) W

To optimize the parameters of 3D Gaussians, they are ren-
dered into 2D image planes and a tile-based rasterizer is
used to improve the rendering efficiency:
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We also adopt the tilebased rasterizer to retain the rendering
efficiency:
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where F'(v) represents the language embedding rendered at
pixel v, and a; = 0;G?P (v). Here o; is the opacity of the
i th Gaussian and G2 () represents the function of the i-th
Gaussian projected onto 2D.

For scene representation, each environment typically
requires several million Gaussians to model its geome-
try and appearance. Since CLIP embeddings are high-
dimensional features, directly learning the latent feature
fi for every Gaussian in the CLIP space would dramat-
ically increase both memory consumption and computa-
tional cost—particularly because each f; has a dimension-
ality of 512.

To further reduce memory consumption and improve ef-
ficiency, we introduce a scene-wise language autoencoder
E, which maps the CLIP embeddings F(v) € RP to
H(v) = E(F(v)) € RY where d < D. We select
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d = 3, D = 512. The autoencoder is trained with a recon-
struction objective on the CLIP embeddings. We also learn
a decoder ¥ to reconstruct CLIP feature. Our autoencoder
can significantly decrease memory requirements while re-
taining semantic fidelity.
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After training the autoencoder, we transform all CLIP em-
beddings into scene-specific latent features H (v). We let
our 3D language Gaussians learn language embeddings in
the scene-specific latent space instead of the CLIP latent
space. Compared to directly modeling the 512-dimensional
CLIP embeddings, we significantly reduced the memory
cost by incorporating scene priors. We optimized the lan-
guage embeddings with the objective:
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where diang () denotes the distance function used for our 3D
Language Gaussians. To inject the 3D Gaussian tokens into
the query text input, we reconstruct a dedicated QA dataset.
Moreover, to align with the training paradigm of QwenVL,
all 3D Gaussian token annotations are placed at the begin-
ning of each instruction. The exact formatting protocol is
illustrated as follow:

{

"token": "fd8420396768425eabec9bdddf7e6db6",
"scene_token": "e7ef871£f77f44331aefdebc24ec034b
",
"scene_idx": 2,
"frame_idx": O,
"category": "2D_perception_infos",
"task": "rdp",
"conversations": [
{
"from": "human",
"value": "based on <gauss>, Can you quantify

the distance separating the <CAM_FRONT>
<box>(14,219), (37,248)</box> from the

ego car?"
}V
{
"from": "gpt",
"value": "38.7 meters is the distance from

the ego car to it"
}
1,
"image": [
"nuscenes/samples/CAM_FRONT/n015-2018-08-02-17
-16-37+0800__CAM_FRONT__1533201470412460.
jpg"
1,
"views": ["CAM_FRONT"],
"gauss": [
"gauss/output-full-6v/2_CAM_FRONT/langsplat_3/
per_frame/00000.pth"
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}

Trajectory Dataset Generation Our generative model sup-
ports both temporal and spatial scene generation. For spa-
tial generation, text queries typically take the form “gener-
ate the view after shifting 2 m to the left.” In this case, we
first use the LLM to infer the target camera pose. Using the
predicted pose, we project the point cloud to obtain a sparse
condition, which serves as the low-level guidance for the
diffusion model.

For temporal generation, queries are typically phrased
as “predict the scene 1 second later.” The LLM performs
trajectory prediction and directly outputs the future camera
pose. Based on this pose, we again apply point-cloud pro-
jection to generate the sparse condition used for temporal
guidance.

To enable temporal scene generation, the LLM must
possess the capability to predict future trajectories. Based
on this requirement, we construct a trajectory-oriented QA
dataset to supervise and enhance the model’s trajectory rea-
soning ability. From each video clip, we extract a 10-frame
sequence. The first 4 frames are provided to the model as
the prompt input, while the remaining 6 frames are used as
the prediction targets. All trajectories are transformed into
the ego-coordinate system of the Sth frame. The exact for-
matting protocol is illustrated as follow:

"conversations": [
{

"from": "human",

"value": "There is last 4frames
trajectory, [PT, [-7.45, 3.05, O.
16, 0.0, 0.0, -0.36, 0.931, [-5.7
5, 1.%97, 0.11, 0.0, 0.0, -0.28, O
.961, [-4.04, 0.92, 0.09, 0.0, O.
0, -0.19, 0.981, [-2.15, 0.26, O.
04, 0.0, 0.0, -0.1, 1.0]7.

Summarize the motion of the ego
vehicle in this 6-frame clip"

"from": "gpt",
"value": "[PT, [0.0, 0.0, 0.0, 0.0, O
.0, 0.0, 1.01, [2.47, 0.65, -0.06
, 0.0, 0.0, 0.09, 1.01, [4.24, 2.
32, -0.11, 0.0, 0.0, 0.12, 0.991,
[5.5, 4.08, -0.15, 0.0, 0.0, 0.1
3, 0.991, [7.03, 6.45, -0.15, 0.0
, 0.0, 0.13, 0.991, [8.66, 8.91,
-0.17, -0.01, 0.0, 0.13, 0.9911"

C. Implementation Details

Our training pipeline consists of three stages. In the first
stage, we train the Gaussian tokenizer, projector, and the
proposed sampling strategy independently. We then inte-



grate these components with the LLM and perform joint
fine-tuning. For the LLM, we adopt a LoRA-based fine-
tuning strategy. All models in this stage are trained using
16 NVIDIA A100 GPUs. In the second stage, we train
the multi-modal generation module. We start by training
a low-resolution (224 x 400) RGB video generation model,
extend it to low-resolution RGB-D generation, and finally
refine it into a high-resolution (424 x 800) RGB-D video
generator using a mixed-frame-length strategy. The model
is optimized using simulation-free rectified flow and a v-
prediction loss [3]. In the final stage, we perform end-to-
end joint optimization over all components to ensure consis-
tency between scene understanding and scene generation.
3D Gaussian Scene Loading Strategy. For each processed
3D Gaussian scene, the loading procedure depends on the
type of Gaussian features associated with the given QA
sample. Since each QA item focuses on a specific keyframe
while the number of available camera views varies across
scenes, we adopt the following unified strategy:

¢ Surround-view Gaussian features. When the QA sam-
ple requires panoramic information, we load the Gaussian
features from all six surrounding views. The Gaussian
tokens from all views are concatenated along the token
dimension to form a unified set of scene tokens.

* Single-view Gaussian features. When the QA sample
is associated with a specific camera view, we load only
the Gaussian features of that view, without any concate-
nation.

This design ensures flexibility for different QA formats

while maintaining consistent integration of 3D Gaussian
scene information into the language model input.
Training Schedule and Parameter Efficiency. During
training, the number of epochs is adapted to each task, as
the difficulty and convergence behavior differ across re-
gion description and perception (RDP), 2D visual ground-
ing (2DVG), 3D visual grounding (3DVG), and planning.
Specifically, each task is trained for a task-dependent num-
ber of epochs to ensure stable convergence.

In the first-stage training, the number of trainable param-
eters accounts for only 0.45% of the total model parame-
ters, focusing mainly on the Gaussian tokenizer, projector,
and sampling modules. During the LoRA-based fine-tuning
stage, the trainable parameters account for merely 0.79 %
of the total model parameters. This demonstrates that our
framework achieves strong performance while maintaining
high parameter efficiency.

World Knowledge Injection. In our framework, world
knowledge is injected into the generative model through a
text-conditioned encoder pathway. Specifically, we employ
a pretrained language model to convert a natural-language
caption into a sequence of semantic tokens, which serve
as high-level conditioning signals for the diffusion UNet.
Given an input caption, we first tokenize it and encode the

sequence using a CLIP-based text encoder. This produces a
set of contextualized text embeddings Eiey, € R*Pwhere
each token represents a semantic unit such as an object cat-
egory, attribute, or action. Unlike pooled language vectors,
which collapse all semantics into a single global descriptor,
token-level embeddings preserve fine-grained, word-level
structure and allow the diffusion model to selectively attend
to relevant parts of the caption. To integrate text knowl-
edge into the generative process, we concatenate the text
embeddings with the image-embedding tokens extracted
from a reference frame. We further append a learnable
type embedding to each token, enabling the model to dis-
tinguish between visual and linguistic information during
cross-attention. The resulting combined sequence Eg,. =
[Eimg; Erext] + Eiype 18 passed as the encoder-hidden-states
to the diffusion UNet, which uses cross-attention at mul-
tiple layers to fuse world knowledge with spatial features.
Through this mechanism, the UNet learns to associate lo-
cal visual structures with global textual semantics, enabling
the model to leverage descriptions such as object identity,
scene context, and commonsense priors to guide novel-
view synthesis. This fusion pathway allows the genera-
tive model to incorporate externally grounded world knowl-
edge—captured implicitly by large-scale text—image pre-
training of the language encoder—without modifying the
underlying UNet architecture. As a result, the model bene-
fits from both low-level geometric cues (RGB/depth latents)
and high-level semantic reasoning (text-conditioned cross-
attention), improving structural consistency, scene under-
standing, and semantic controllability during view synthe-
sis.

D. Ablation Study

We additionally provide further ablation studies in Tab. 1,
including experiments on the effectiveness of the cross-
attention—based sampling module. We also analyse on how
world knowledge influences the performance of the genera-
tive model in Tab. 3.

E. Extensive Experiments

OmniDrive dataset [7] Scene Understanding Results.
We further evaluate our model on the OmniDrive dataset,
comparing against strong baselines including GPT-4o0 [1],
LLaVA [5], OmniDrive [7], and Hermes [8]. Our Gaus-
sianDWM consistently achieves state-of-the-art perfor-
mance across all evaluation metrics. These results again
confirm the effectiveness of our 3D Gaussian scene rep-
resentation and task-aware sampling strategy in enhanc-
ing LLM-based scene understanding under complex driving
scenarios.

We also provide additional qualitative results, including
more visualizations of the QA outputs and scene generation



2D RD & Pre 4 2D VGt 3D VGt Plant

Sampling GaussianTokens 51 b Rouge I CIDEr mAP  FI  MloU Pr mAP  Fl  Acc 2T

Top-k + Uniform+Cross 128 6827 8095 7873 3479 403 7179 5141 5401 3281 6843 58.15
Top-k + Uniform+Cross 512 6837 8100 7922 3495 4039 71.85 5130 54.07 32.87 6852 5826
Top-k + Uniform 4096 66.17 7907 7706 3389 3931 7137 51.16 5287 32.05 6627 5692
Top-k + Uniform+Cross 4096 6820 8090 7893 3450 40.00 7157 5120 53.59 3253 65.60 S57.70

Table 1. Ablation study on Sampling Strategies and Gaussian Token Counts. We investigate the effectiveness of the proposed Cross-
Attention sampling compared to the Uniform baseline. The model with 512 tokens using our strategy achieves the optimal performance,
surpassing the dense baseline using 4096 tokens. This indicates that our learned sampling effectively captures critical information with
significantly fewer tokens, validating its efficiency.

Understanding?
METEOR ROUGE_L CIDEr
Only Understanding

Model Reference # LLM Params

GPT-4o [1] - - 0.223 0.244
LLaVA-OV [5] arXiv 24 7B - 0.221 0.284
OmniDrive [7] CVPR 25 7B 0.380 0.326 0.686

OmniDrive-2D [7] CVPR 25 7B 0.383 0.325 0.671
OmniDrive-BEV [7] CVPR 25 7B 0.356 0.278 0.595
Unified Understanding and Generation
Separated unification - 1.8B 0.384 0.327 0.745

HERMES [8] ICCV 25 1.8B 0.384 0.327 0.741
GaussianDWM - 8B 0.395 0.341 0.712

Table 2. OmniDrive dataset [7] Scene Understanding Results. We further evaluate our model on the OmniDrive dataset, comparing
against strong baselines including GPT-4o [1], LLaVA [5], OmniDrive [7], and Hermes [8]. Our GaussianDWM consistently achieves state-
of-the-art performance across all evaluation metrics. These results again confirm the effectiveness of our 3D Gaussian scene representation
and task-aware sampling strategy in enhancing LLM-based scene understanding under complex driving scenarios.

results.



shift &= 1m shift &= 2m shift + 4m
FID| FVD| FID| FVD| FID] FVDJ]

World Knowledge Gaussian

X X 1144 4222 1475 7198 21.79 137.31
v X 11.30 41.63 1396 7045 19.02 151.19
v v 11.28 41.62 1395 7070 1891 150.05

Table 3. Ablation on World Knowledge and Gaussian. We further evaluate the impact of world knowledge by comparing generation
model with and without world knowledge, and by examining how Gaussian influences both world knowledge representation and final
generation. The improvement brought by world knowledge becomes increasingly significant under larger view shifts. All evaluations are
conducted on a subset of 30 scenes from the nuScenes dataset.

3D Gaussians

CAM BACK RIGHT ! NG4 CAM BACK LEFT

Q: based on <gauss>, What is the quantity of pedestrian at <CAM_FRONT>, and what are their respective locations? Report bbox coordinates
in JSON format.

A: "json\n[\n\t{\"bbox_2d\": [315, 230, 378, 322], \"label\": \"pedestrian\"}\n]\n"*"*

Q: based on <gauss>, Could you provide the number of car at <CAM_FRONT_RIGHT> and their specific positions? Report bbox coordinates
in JSON format.

A: "json\n[\n\t{\"bbox_2d\": [660, 214, 784, 275], \"label\": \"car\"}\n]\n"*"

Q: based on <gauss>, Find all pedestrian in this <CAM_FRONT>. For each pedestrian, provide its 3D bounding box. The output format
required is JSON: “[{\""bbox_3d\":[x_center, y center, 7_center, x_size, y_size, z_size, roll, pitch, yaw],\"label\":\""category\"}|"
A: [{\"bbox_3d\": [-1.14, 0.79, 12.17, 0.98, 1.7, 0.74, -0.0, 1.49, 0.98], \"label\": \"pedestrian\"}]

O: based on <gauss>, What approach should the self-vehicle take in this situation?
A: Turn Left.

Q: based on <gauss>, Could you define what the <CAM_FRONT> <box>(315,231),(378,322)</box>, refers to?
A: a adult which is moving.

Temporal Generation

GT

* Turn
Left "

Generated

Figure 1. Qualitative results for scene understanding and scene generation. From top to bottom, we present the multi-view input of the
current scene and the 3D Gaussian ellipsoids, the scene understanding results, and the spatial and temporal scene generation results.
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] Q: Based on <gauss>, What is the number of car at <CAM_FRONT _LEFT>, and what are their exact positions? Report bbox coordinates in

JSON format.

A: json\n[\n\t{\"bbox_2d\": [102, 245, 336, 337], \"label\": \"car\"} \n\t{\"bbox_2d\": [381, 248, 557, 315], \"label\": \"car\" }\n]\n"""

O: Based on <gauss>, Find all car in this <CAM_FRONT_RIGHT>. For each car, provide its 3D bounding box. The output format required is
JSON: “[{\"bbox_3d\":[x_center, y_center, 7_center, X_size, y_size, 7_size, roll, pitch, yaw],\"label\":\" category\"}] .

A: [{\"bbox_3d\": [0.1, 0.71, 4.48, 4.52, 1.63, 1.92, -0.02, 1.8, 0.99], \"label\": \"car\"}]

Q: Based on <gauss>, What approach should the self-vehicle take in this situation?

A: Go Straight.

Q: Based on <gauss>, Could you provide a description or explanation of the <CAM_FRONT> <box>(459,240),(489,258)</box>?

A: Parked car.
Q: Based on <gauss>, Can you predict the forthcoming trajectory of the parked car at <CAM_FRONT> <box>(459,240),(489,258)</box>

A: It will remain stationary.
Q: Based on <gauss>, How might the moving car at <CAM_FRONT> <box>(586,234),(700,267)</box>, dynamically interact with the ego car in

its environment?
% A: It will be close to the ego car.

Spatial Generation
Ref. GT

Figure 2. Qualitative results in rainy scene for understanding and generation.
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