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Abstract— This paper presents a novel framework for
generating realistic video footage at novel viewpoints from 3D
Gaussian splats using text prompts. Current approaches face two
key challenges: incorporating high-dimensional semantic
information into dense Gaussian representations without costly
annotations and efficiently passing representations to a language
model to generate smooth, aesthetically pleasing camera
trajectories. To address these, we propose a two-component
pipeline. First, our Sparse Spatial-Semantic (SSS) attribute
Augmentor (SAug) enriches Gaussian splats with spatial-semantic
features learned from multi-view images alone, along with our
sparsity control technique maintaining compact representations
despite millions of splats. Second, our LLM-based Motion
Generator (L-MR) leverages Large Language Models to produce
smooth 6D camera pose trajectories directly from text prompts
and compact object-based representations using SAug
outputs. Together, these components enable text-driven
generation of realistic novel-view videos, with SAug providing
semantically-aware scene representations and L-MR translating
natural language into cinematic camera motions. Experiments
demonstrate that our method generates semantically and spatially
more accurate trajectories while keeping the memory and
computation footprint of the rendering pipeline low.
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I. INTRODUCTION

Recent advancements in 3D scene representation and
rendering have led to the emergence of 3D Gaussian Splatting
(3DGS) as a powerful technique for creating photorealistic
digital environments [1]. This method uses millions of tiny,
translucent ellipsoids called Gaussian splats to represent
complex scenes with remarkable fidelity and efficiency. While
3DGS has shown great promise in capturing visual details from
multi-view images, it currently lacks the ability to encode
semantic information and spatial attributes beyond what is
necessary for realistic rendering.

Our research addresses this limitation by developing a novel
framework that enhances Gaussian splats with learned spatial
and semantic attributes. This innovation is crucial for expanding
the utility of 3DGS beyond mere visual reproduction, enabling
more intelligent and context-aware applications in computer
graphics and artificial intelligence. The core of our approach
involves developing a method to incorporate spatial and
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Figure 1. Visual representation of the ground-truth (solid line)
and our model’s predicted trajectory (dashed line). T;
represents the interpolated ground-truth trajectory between two
subsequent keyframes for the following text prompt:

“Start with a close up shot of the door<OBJ-24> showcasing
arrangement of objects <OBJ-2>, <OBJ-11> and <OBJ-33>.
Capture panoramic view from the door <OBJ-24> moving towards
the mirror <OBJ-13> on the wall, capturing the dustbin<OBJ-23>.
Focus on sink<OBJ-39> and finally pan towards the tap<OBJ-26>."

semantic information into individual Gaussian splats, enriching
their representation beyond visual characteristics. Given the
high number of splats in a typical scene (often in the millions),
we propose a procedure for sparsity control that learns a
compact set of spatial and semantic attributes. This ensures
efficiency by maintaining essential information needed for
downstream tasks. We leverage a Large Language Model
(LLMs) and Sequence models to interpret these enriched splats
and generate sequences of keyframe poses, and thereby
generating smooth and valid trajectory of 6D poses. This allows
for text-prompted generation of realistic video footage
rendered from explicit Gaussian splat representation. Our
system incorporates a custom LLM-based approach to generate
trajectories of poses. This integration bridges the gap between
high-level semantic understanding and low-level path planning,
enabling more natural and context-aware camera movements.

By combining these elements, our research aims to
transform 3D Gaussian Splatting from a purely visual
representation technique into a rich, spatial and semantic-aware
framework capable of supporting advanced Al-driven content
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creation and scene understanding tasks. This work has
significant implications for various fields, including virtual
cinematography, autonomous navigation, and interactive digital
environments. In the following sections, we detail the
preliminaries, methodology, implementation details, and discuss
the potential applications and future directions of this enhanced
3D Gaussian Splatting framework.

II. BACKGROUND

As detailed in the comprehensive survey [4], 3D Gaussian
Splatting (3DGS) has evolved beyond its initial rendering
capabilities to support more complex scene representations as a
powerful method for representing complex 3D scenes. To this
end, recent methodologies including LangSplat [13] and the
decoupled feature embedding techniques presented in [12] have
integrated semantic features directly into the Gaussian
primitives. These advancements are pivotal, enabling real-time
3D scene understanding with rich contextual information.
Recently chat applications like SplatTalk [11] that enables users
to interact with 3DGS have also been proposed. However,
retaining high fidelity of 3DGS while keeping the memory
footprint low for downstream tasks is yet to be explored.

Multi-modal Large Language Models and 3D
Understanding Large Language Models (LLMs) have made
significant strides in natural language processing and
understanding [7,8]. Recent research has explored the
application of LLMs to 3D data [5], demonstrating their
potential for processing and interpreting spatial information
alongside textual inputs. Concurrently, research in point cloud
understanding using LLMs has made significant strides [3] by
generating context-aware responses to user queries. Recent
LLMs [2] understanding 3D world further bridge this gap by
demonstrating the ability to process object identifiers as a token
placeholder for instance-level point clouds, generating
responses to a specific instance of a semantic class. These
advancements suggest the potential for LLMs to comprehend
and manipulate 3D spatial data effectively.

Following are our novel contributions that we propose:

e We propose a method, Sparse Spatial-Semantic
attribute Augmentor (SAug) to learn and incorporate
spatial-semantic attributes directly into Gaussian
splats, without any additional information apart from
the dataset of multi-view images used for training
3DGS. This supports fine-grained spatial-semantic
understanding, crucial for language-guided rendering.

e Since 3DGS are inherently heavy with a large memory
footprint, we introduce a novel technique for
adaptively controlling sparsity depending on the
spatial complexity of an object. This process is
coupled with spatial-semantic attributes for Gaussian
splats, significantly reducing memory requirements
and other computational challenges.

III. OVERALL FRAMEWORK

The initial input to our system is a sequence of N multi-view
RGB images denoted by D = {I; € REHW) | = 0,...,N — 1},
where i, H, W is the index, height and width of the image frame.
We first train a Gaussian splat G using a training procedure Q
that uses all the images in D. Mathematically G = Q(D).
Although G is used for rendering images, we obtain Sparse
Spatial-Semantic (SSS) attributes S that are used for the motion
generation process. SSS augmented 3DGS enables systems to
understand the relationship between spatial and semantic
attributes of the scene. We obtain § = A(D), where A is the
SSS attributes Augmentation (SAug) procedure. During
deployment, user can provide a text prompt T to obtain a
trajectory of 6D poses P using L using P = L(S, T), where L is
LLM-based Motion Generator (L-MR). This stream or
trajectory of poses P is passed to the 3DGS rendering
procedure R to obtain a video V, i.e. V = R(G, P, C), where C
is the camera parameters relating to the rendered video. Figure
2 shows the high-level flow chart of the system, through an
easy-to-understand block diagram.

A. Training 3D Gaussian Splats (Q)

3DGS wuses a 3D sparse point cloud initialization from
COLMAP [9] and iteratively learns the parameterized splats
6, ={p,, s;, 1, ¢, v}, representing position, scale, rotation,
color, and opacity respectively. The parameters 6, are obtained
by optimizing the following loss-function:

N-1

Lapes(8) = Y IR(G(O),C) — I I

In the above loss-function, R corresponds to a differentiable
rasterization function, G (@) represents the scene described by
the Gaussian splats, I; and C; corresponds to the image and the
camera parameters, respectively. C; comprises both the
intrinsics and the extrinsics of the viewpoint used to capture the
image. Note that in practice, the loss function L3pes also
involves an additional term comprising the Structural Similarity
Index Measure (SSIM). Since a dense parameterization of
Gaussian splats G(0) is only required for realistic rendering,
and not for understanding the spatial-semantic relationships in
the 3D scene, we obtain Point splats G(0) from G (@), where
6, = {p,}, to preserve only the position information of Gaussian
splats. For simplification purposes, we refer to Point splats as G
and use as input to the Semantic Feature extractor (SF) module.

B. Semantic Feature extractor (SF)

Inspired by the work of [2] and [3], we implement a 3D feature
extraction pipeline to obtain semantic features for 3DGS. We
first obtain all semantic-level instances using a large-pretrained
instance segmentation model H as follows: H(G) = {G°, G*,
GM=2,..,GM'}, where M corresponds to max-number of
semantic instances. All semantic instances are then projected to
multiple views present in the 3D scene, to obtain projected
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binary masks B/ ={B/ € {0,13!")|i=0,..,N—1;j=
0,...,M — 1}, where M corresponds to max-number of semantic
instances and N corresponds to the total number RGB images
present in the train-dataset that is used to obtain the 3DGS.
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Figure 2. High-level overview of the proposed system. Our
main proposed contributions are further described in detail in
Figures. 3. <obj-*> are object-identifiers that prevents
ambiguity in referring to which specific semantic instance.

As stated before, Bij is obtained by projecting all object-level
point splats G/ associated with object j onto image I; having
camera parameters C; , consisting of both intrinsics and
extrinsics, using the projection function (G’ , C;).

We then extract dense 2D features f, using a pre-trained
foundation model (DinoV2) [6] from cut-outs of the original
RGB images using these projected masks. All the points
represented by x,y and z pertaining to a specific 3D instance
that are projected to an image are now associated to a semantic
feature f,.

Although referring objects by their semantics (chair, table,
ceiling, wall etc.) seems trivial, in many real-world situations,
there exist many variations and instances of each of these
semantics. Scenes could certainly get complex when many such
instances are present in complex configurations. To avoid object
ambiguous object references, one straight-forward way is to
have object IDs for the instances that automatically show up in
the output of the instance segmentor H. These object-IDs, also
known as object-identifiers, could be textually shown as <obj-
0>, <obj-1>, <obj-2>, ..., <obj-99> etc. are essentially special
tokens that are added in the vocabulary and are used to refer the
corresponding semantic instance in the text prompt. This process
makes it easy for the LLM to understand which specific
semantic instance is being referred. Since the object-IDs need to
exist in the vocabulary to make sense for the LLM, we add these
into the vocabulary and allocate a learnable embedding that is
obtained during the end-to-end training.

C. Sparse Spatial-Semantic attributes Augmenter (SAug) with
O-former

Using the object-level 3D semantic features f;, obtained in
the previous section, our proposed SAug module selectively
prunes out redundant features attributed to 3D points, without
sacrificing on the shape of the object. We utilize the concepts
from contour estimation by computing a special subset that
approximates the original set of points and is known as the
convex hull. More details on this module can be found in Section
IV and Figure 3.

We finally obtain spatial and semantic features S’ =
{x,y,2,f,} from the SSS attributes from the SAug module.
Before passing spatial and semantic features S, for each
object, into a Q-former [14] we apply positional encoding to the
feature vectors, that enables the network to understand the
Spatial-Semantic relationship pertaining to a specific object.
We use a similar positional-encoding procedure used by [3] that
involves splitting the semantic feature f, into three parts and
apply positional encoding to each of the three parts using x, y
and z locations of a specific splat. But instead of computing the
absolute x, y and z values, we compute relative to the centroid
of a specific object. We concatenate corresponding positional
encodings PEy, PE,, PE,, and pass it through the Q-former to
infer a concise set of tokens for every object. These are all
concatenated before getting passed onto the LLM, along with
the tokenized language and object-identifiers, which would be
described in the next sub-sections.
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IV. SPARSE SPATIAL-SEMANTIC ATTRIBUTES AUGMENTER
(SAUG)

SAug is designed to sparsify a large set of attributes present in
3DGS, while maintaining essential geometric information. This
module addresses the key-challenge of which splats to have
spatial-semantic attributes when processing large 3DGS into
external systems, like our LLM based Motion Generator.
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Figure 3. Internals of the SAug module. The obtained Sparse
Spatial-Semantic (SSS) attributes from the SAug module is
associated with a corresponding 3DGS.

While detailed Gaussian splats provide rich information
about scene geometry and texture, the task of motion trajectory
generation primarily relies on understanding the overall shape
and spatial arrangement of objects. Texture information, while
crucial for rendering, is less critical for path planning. By
selectively reducing the density of the associated SSS attributes
for a 3DGS, we can significantly decrease the computational
load on the LLM based Motion Generator, without
compromising its ability to generate appropriate motion
trajectories. To reduce the number of additional attributes while
preserving the essential shape information, our Adaptive
Sparsity Control module employs a novel convex hull based
approach using 2D-3D correspondences of objects in the 3D
scene. Our approach adjusts the sparsity level by retaining more
detail for objects having complex shapes. The simplified point
cloud emphasizes structural information, potentially making it
easier for the both the perceiver and the LLM to understand and
reason about spatial relationships.

A. Computing a-shape for 2D-projections

As stated before, the input to our novel SAug module would
consist of object level semantic features and their associated
discretized 3D voxels taking discrete values from 0 to 255.
Along with these, every voxel would also consist of a semantic
feature vector f,,.

The procedure to evaluate a-shape, can be represented using
the equation w = f(o, @); where o is a set of input 2D points
and a determines compactness of the set of output points w to
contain all points in ¢. Note that for simplicity purposes, w is
assumed to be an ordered set of points listed pairwise based on
the prevalent edges between the pair of points. Specific to our
case, all the points o are two-dimensional consisting of (x,y).
These are obtained by applying the projection function 7w on a
set of 3D points G/ using w(G’ , C;) with camera parameters of
a specific view-point C; that has a corresponding image I;.
Lastly, j corresponds to a semantic class that exists in image I;.

B. Adaptive Sparsity control

We use a-shape [8] for controlling sparsity of the points. Since
a -shape is not differentiable, we can utilize Zeroth-order
methods for optimizing the value of a. We find the a, such that
it minimizes the following cost function:

N-1

J(a;) = Z I f(m(G7,C), ) _Bij 112

=0

Essentially, the above cost function is a measure of how similar
the projected masks from the “sparsified” object-level point
clouds are from the original ground-truth binary masks Bij
where i and j are the indices of images and the semantic
instance, respectively. Note that the above L2 or Euclidian
distance can be replaced with a binary cross-entropy loss since
we are dealing with binary masks. As stated before, f(o, @)
computes the a-shape of the points ¢ using a specific a.

In the iterative procedure of optimizing « using the cost
function J(a), the initial & can be set close to 0 at the start.
Note that the number of points, i.e. total sum of sizes of all
resultant sets a)ij obtained from f(m(G’ , C;), @), increases with
a. Since we are attempting to prune points directly in 3D space,
there exists an alpha for each object-level semantic instance G/.
Furthermore, all the semantic classes are independent, and we
can independently optimize the combined set of @’s, {a;}, each

corresponding to a semantic instance j. This makes our
approach highly parallelizable and efficient.

V. EXPERIMENTAL RESULTS

_We trained the L-MG system and the Q-former end-to-end on
the train-set of our curated dataset that we built upon Scannet
[5]. We use GPT-4o0 [8] to first generate the dataset of key-
frame poses. Following the text-command and the
corresponding 3D scene our system should output a trajectory
that can then be rendered into a video from the 3DGS.

Evaluation on the test-set. We set aside 10% of 5700 samples
randomly selected data as the test set. We show the
experimental results on the test set.
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Figure 4. Comparison of the model predictions and corresponding
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of 2 different test sets. The left and the right test

sets contain 6 key-frames and 7 key-frames respectively and constitute some of the challenging test samples in the dataset. Each
plot corresponds to the x, y, z, roll, pitch, yaw of each of the keyframe pose in the trajectory.

Evaluating the performance of a model in terms of prediction
accuracy is challenging especially due to the number of poses
being subjective. Hence we plot each of the key-frame outputs
for each pose element as shown in Figure 4 as estimates for
empirical evaluation. The test set was sampled randomly.

Our LLM inside our L-MG system was initialized using Vicuna
[6] model weights. We trained on 5130 data samples in our
curated dataset on an NVIDIA A100 GPU. Following are the
hyperparameters used in our experiments:

Hyperparameter Value
Number of epochs | 3

Base learning rate | Se-6
Batch size 32
LoraR 16

Lora alpha 16

Max grad norm 0.01

VI. CONCLUSION

This research presents a novel approach to enhancing
Gaussian splats with spatial and semantic attributes,
significantly advancing the field of 3D scene representation and
generation. Our work addresses a critical gap in the current state
of Gaussian splats, which traditionally only contain information
necessary for realistic rendering. By incorporating spatial and
semantic relationships into individual Gaussian splats, we have
created a more comprehensive and versatile representation of
3D scenes. This enhanced representation serves as a powerful
foundation for downstream tasks, particularly in the domain of
text-guided video generation. The proposed system opens up

new possibilities in fields such as virtual cinematography,
augmented reality and robotics.
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