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Gaussians2Life

Figure 1. Our proposed method Gaussians2Life preserves high visual quality of scenes while animating them according to a text prompt.
It significantly outperforms a baseline method crafted from DreamGaussian4D [38] and creates more realistic movements.

Abstract

State-of-the-art novel view synthesis methods achieve
impressive results for multi-view captures of static 3D
scenes. However, the reconstructed scenes still lack “live-
liness,” a key component for creating engaging 3D experi-
ences. Recently, novel video diffusion models generate real-
istic videos with complex motion and enable animations of
2D images, however they cannot naively be used to animate
3D scenes as they lack multi-view consistency. To breathe
life into the static world, we propose Gaussians2Life, a
method for animating parts of high-quality 3D scenes in a
Gaussian Splatting representation. Our key idea is to lever-
age powerful video diffusion models as the generative com-
ponent of our model and to combine these with a robust
technique to lift 2D videos into meaningful 3D motion. We
find that, in contrast to prior work, this enables realistic
animations of complex, pre-existing 3D scenes and further
enables the animation of a large variety of object classes,
while related work is mostly focused on prior-based char-
acter animation, or single 3D objects. Our model enables
the creation of consistent, immersive 3D experiences for ar-
bitrary scenes.

1. Introduction

Recent advances in 3D representation, like NeRF and 3D
Gaussian Splatting (3DGS) [23, 30], have emerged as pow-

erful tools for highly accurate and fast novel view rendering
of static scenes. While these approaches enable immersive
experiences with impressive quality, their static nature can
result in a lack of dynamism and engagement. Breathing
life into scenes and automatically generating animation of
previously static 3D objects holds strong potential to create
more engaging and realistic experiences.

In the 2D domain, video diffusion models have demon-
strated significant capabilities in generating realistic anima-
tions in videos given input images or text prompts [7, 8, 16,
43]. However, recent advances to leverage such models for
the creation of dynamic 3D content [3, 27, 38, 39, 44, 60]
still lag behind the generative capabilities of video diffusion
models, particularly animating existing 3D scenes appears
to be underexplored and methods are limited to animate sin-
gle assets [19, 38]. To this end, we investigate how realistic
outputs from existing video diffusion models can help an-
imating objects in static 3D scenes. More specifically, we
aim to animate 3DGS scenes following a user-defined text
prompt and a bounding box containing the target object. We
identified two key challenges to solve this task. The first
challenge is about how to generate multi-view consistent
video guidance with a VDM for a static scene. Given valid
video guidance, the remaining challenge is how to lift gen-
erated 2D videos into realistic and consistent 3D motions of
the 3DGS primitives in the static scene without degrading
the visual quality of the input scene.

In this work, we provide a method capable of address-


https://wimmerth.github.io/gaussians2life.html

ing these challenges. By leveraging multi-view information
in the video diffusion step, we can generate approximately
multi-view consistent video guidance without the need for
expensive fine-tuning of the diffusion model. Further, we
provide an in-depth analysis of lifting 2D motion to 3D and
propose a robust framework for animating 3DGS scenes by
using video diffusion guidance in a pipeline that combines
depth estimation and point tracking to generate 3D anchor
trajectories. These are used to animate the static 3DGS
scene in a multi-view consistent manner. In summary, our
contributions are as follows:

* We introduce a novel method for animating 3DGS scenes
given a text prompt and an object bounding box.

* Qur approach interfaces existing open-source video diffu-
sion models to generate multi-view consistent video guid-
ance for a static scene and lifts the 2D video guidance to a
realistic 3D motion for Gaussian primitives in the 3DGS
scene.

* We provide an experimental evaluation on real-world
scenes from the MipNeRF360 [6] and Instruct-
NeRF2NeRF [13] datasets, where we utilize an
adaptation of DreamGaussian4D [38] as a relevant
baseline. Further, we provide an in-depth ablation study
indicating the effectiveness of our architectural choices.

2. Related Work

Text-to-Video Generation The recent success of text-
to-image diffusion models [15, 40] has increased inter-
est in generative models for other data types, including
videos. Common paradigms in the creation of video dif-
fusion models are to build upon pre-trained 2D image
generative models and to train additional components for
modeling temporal relationships between generated video
frames [7, 8, 16, 43]. Recent works have also proposed ad-
ditional conditioning signals besides text, e.g., images or
sparse manually defined motion [7, 51, 52, 58]. We em-
ploy video generative models in our approach to optimize
dynamics in a given 3D scene. The resulting 4D scenes
are naturally 3D-consistent and can be rendered in real-time
from any viewpoint, a major advantage over 4D generative
models in many use cases. Recent, concurrent works ex-
plored explicit camera control or multi-view generation for
video diffusion models [4, 14, 24, 57]. We note that multi-
view consistent outputs are not guaranteed for these mod-
els, as they are not based on an explicit 3D representation.
Additionally, rendering novel views of the dynamic scene
requires querying the diffusion model, which is costly and
cannot be performed in real-time.

Dynamic Gaussian Splatting Kerbl et al. [23] pro-
posed 3D Gaussian Splatting (3DGS), a method for novel
view synthesis that bridges the gap between volumetric-
rendering based implicit representations [30] and explicit
3D representations, like 3D meshes, by representing a 3D

scene as a set of 3D Gaussians. The explicit nature of 3DGS
allows for fast rasterization and more controllability in mod-
eling.

Naturally, follow-up works also explored the reconstruc-
tion of dynamic 3D scenes [10, 18, 26, 29, 54, 59]. The
most common strategy in this domain is the optimization of
a canonical 3DGS representation alongside a neural defor-
mation field that maps a 3D coordinate = and time ¢ to at-
tribute changes at the respective moment ¢ for the 3D Gaus-
sians at x in the canonical representation. Various regu-
larization terms have been proposed to steer the optimized
motion to be physically or geometrically plausible, i.e., to
preserve local rigidity [18, 29], isometry [29], or momen-
tum [11]. Gao et al. [12] further proposed using an off-the-
shelf 2D flow estimation model as additional supervision
signal for deformations. Recent concurrent works proposed
methods for monocular dynamic scene reconstruction that
make use of different pre-trained 2D models to obtain more
information on the 3D structure [25, 45]. While we also
make use of pre-trained 2D models to lift motion into 3D,
we generate dynamics instead of reconstructing them. For
this, we repeatedly generate new guidance videos and lift
motion from different viewpoints.

4D Generative Models Poole et al. [35] proposed Score
Distillation Sampling (SDS) to leverage 2D diffusion mod-
els as powerful priors for 3D generative tasks, which was
followed by several technical improvements [50, 53, 61]. In
SDS, 3D scenes are rendered at every optimization step, 2D
views are noised, and one de-noising step with the 2D dif-
fusion model is performed, which provides a gradient sig-
nal that can be used for back-propagation to the parame-
terized scene. An alternative to SDS is multi-step denois-
ing [55, 63], which follows the same idea as SDS, but in-
stead of doing one, multiple de-noising steps, as well as de-
coding from latent to pixel space are performed, similarly
to the standard inference of a diffusion model. Losses are
subsequently computed directly in pixel space.

Recently, several works started exploring the use of SDS
for 4D generation [3, 27, 38, 39, 44, 60]. While some
methods directly perform text-to-4d generation, others re-
quire image or video inputs which first need to be generated
using off-the-shelf 2D diffusion models. Bahmani et al.
[2] proposed trajectory-conditioned 4D generation, where
coarse trajectories of objects are given as an additional in-
put, which resolves the problem of limited motion in other
4D generation works. Except for 4Real [60], a concurrent
work, all methods are restricted to single animated 3D ob-
jects, often lacking photo-realism. The main reason for this
focus on object-centric generation is the usage of multi-
view image diffusion models that are trained on datasets of
single 3D objects and do not generalize to more complex
3D scenes [28, 42]. Instead of generating dynamic 3DGS
scenes from only text, our goal is to generate dynamics for



a given 3DGS scene and text as control. Another concur-
rent work, Animate3D [19], is the only work that we are
aware of that aims at animating given 3D scenes. Contrary
to our work, this method focuses on the animation of single
3D assets, while we aim at generating realistic deformations
in the contexts of larger 3D scenes. Finally, another recent
direction for animation of 3D scenes is the optimization of
physical material fields [17, 62], which can then be used to
perform physically realistic animations based on manual in-
puts and the PhysGaussian method [56]. We note that such
methods usually require manipulation by external agents or
external forces, e.g., using deformation handles, and are
limited to a handful of simulation types [56]. In contrast,
our proposed method is able to synthesize any type of de-
formation using only text as a control signal.

3. Method

A successful method for animating 3D scenes requires two
main components: A powerful driving signal for motion
generation and an effective way to distill this motion into
the 3D scene while keeping the scene appearance and gener-
ating motion realistic. The diffusion model guidance should
stay closely aligned with the given 3D scene, as well as
be as multi-view consistent as possible, while the distilla-
tion of this signal into the 3D world should be as efficient
as possible. In an optimal scenario, these two components
will improve each other to achieve the best possible results.
Our method offers improvements over standard SDS- and
optimization-based solutions by introducing a training-free
approach for generating approximately multi-view consis-
tent outputs of a video diffusion model and a technique
to directly lift 2D motion into 3D, leveraging several pre-
trained 2D models to align information between generated
videos and the given 3D scene.

3.1. Basic Setup

We formalize our problem as follows: We are given a cap-
tured 3DGS scene as input, as well as a text prompt that
describes the desired motion within the scene. Each Gaus-
sian in the initial scene has a mean position ; € R3, an
anisotropic covariance matrix, factorized into a scaling vec-
tor s € R3 and a quaternion rotation ¢ € R*, as well as
an opacity level « and view-dependent colors represented
using spherical harmonics. In our work, we aim to add a
temporal dimension to the given 3D scene. While we do
not change the opacity of Gaussians, the position y, scal-
ing s, and rotation g; should be time-dependent attributes,
see Sec. 3.3.

For more user control, we allow for a user-defined se-
lection of scene elements that should be animated. Such
selection can stem from binary labeling of 3D Gaussians,
which can be automated using open-world 3D segmenta-
tion methods [36] and is often assumed given in related

works [29, 62], or from simple 3D bounding boxes.

Our method is agnostic to the specific 3DGS imple-
mentation used for capturing as long as the output follows
the standard 3DGS conventions. During optimization, we
only use the 0-degree spherical harmonics to save compu-
tational resources but note that at inference time, higher-
degree spherical harmonics can be added back again while
being rotated similarly as the corresponding 3D Gaussians,
see Xie et al. [56].

3.2. Diffusion Guidance

In this section, we describe how we interface a recent video
diffusion model for the purpose of generating dynamics for
a given 3DGS scene.

Image-Conditioned Generation The use of an image-
conditioned diffusion model [9] has proven to be beneficial
for 3D scene editing [13]. As outputs are more aligned with
the given 3D scenes through such conditioning, the noise
level in SDS can be increased, resulting in larger amounts
of motion compared to outputs of solely text-conditioned
diffusion guidance, where the noise level needs to be re-
duced to stay aligned with the 3D scene. We thus employ
a text- and image-conditioned video diffusion model, Dy-
namiCrafter [58], as guidance in our method.

Multi-Step Denoising Score Distillation Sampling suf-
fers from several technical issues, as pointed out by pre-
vious works [50, 53, 61]. Proposed solutions often require
fine-tuning or training a second diffusion model, which is
impractical for video diffusion models. Besides that, SDS
imposes a computational burden where the diffusion model
must be queried at each optimization step, and the loss com-
puted in latent space needs to be back-propagated to the
scene parameterization.

Instead, we propose using multi-step denoising (Sec. 2),
which decouples generation from optimization, as pixel-
level outputs (videos) can be stored and reused. This ap-
proach also enables the computation of additional supervi-
sion signals, like optical flow or depth, which is not possible
with SDS. Moreover, pixel-level outputs improve user con-
trol during optimization, addressing the instability of cur-
rent text-to-4D methods in public video diffusion models.

Multi-View Consistent Video Generation A remaining
problem of current video diffusion models is their lack
of output consistency. Especially when generating videos
from different viewpoints, generated motion in the videos
will often be inconsistent and thus hinder the optimization
of 3D dynamics. For static 3D objects, fine-tuning im-
age diffusion models for generating multi-view outputs is
a standard solution for improving this multi-view consis-
tency. This fine-tuning, however, is even more costly and
difficult with video diffusion models, where multi-view data
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Figure 2. Improvement of multi-view consistency of generated videos through latent interpolation. In addition to the rendering of the
dynamic scene f using the rendering function g from the current viewpoint g( f)s, we compute the latent embedding of the warped video
output vs—1 of the previous optimization step s — 1 (from a different viewpoint). We linearly interpolate the latents before passing them
through the video diffusion model (VDM), which is additionally conditioned on the static scene view from the current viewpoint. The

resulting output is finally decoded to a new video output vs.

is limited and fine-tuning on synthetic datasets, e.g., of sin-
gle animated 3D objects, limits the generalizability of the
video diffusion models [57].

Instead, we leverage the 3D information given through
the static scene initialization. While using rendered views
from the current viewpoint promotes 3D awareness of the
diffusion model, this signal is only static. To steer genera-
tions to also contain consistent motion, we propose a new
method of latent interpolation, where we encode the pre-
viously generated guidance video vs_; and fuse its latent,
which encodes the desired motion, with the latent of the
current video rendering g( f)s, as shown in Fig. 2:

z = )\prev enc(vs,l) + (1 - )\prev) enc(g(f)s), (1)

where z denotes the fused latent, g(-) the rendering func-
tion, f the 4D Gaussian Splatting scene, and Apyey is a hyper-
parameter that is gradually decreased with increasing num-
ber of steps s. To resemble motion from the new viewpoint
as realistically as possible, we make use of an off-the-shelf
optical flow estimation model to warp the video frames of
vg—1 as detailed in Sec. S1.2. While this warping can, of
course, not give us a truly realistic projection of the motion
to the current viewpoint, it helps in adapting the video to re-
semble the view from the new viewpoint when using small
viewpoint changes. We adapt the view sampling procedure
to reflect this assumption of small baseline changes, as de-
scribed in Sec. S1.1.

We note that this proposed method puts a stronger em-
phasis on the initial diffusion video that is created for the
first viewpoint. This fits well for the case where the user
selects this first guidance video but can potentially cause
problems when the pipeline is run without such a selection
and the first generated video does not represent realistic mo-
tion. In such cases, the next generated outputs can still make
up for any previous mistakes, but there is no guarantee of
improvements. We include an exemplary multi-view gener-
ation of our proposed method in Fig. S6.

3.3. Lifting 2D Motion to 3D

Given valid video guidance, we now investigate the second
core question: how can we lift 2D guidance signals effi-
ciently to 3D? We first point out that optimization-based
solutions, i.e., SDS or rendering-based optimizations, are
slow in convergence and sensitive to the still-existing small
inconsistencies in the generated guidance videos. Results
are, therefore, often noisy and do either yield divergent mo-
tion or almost static outputs (see Ablation studies, Fig. 5).
To evade these problems, we propose to instead leverage
the power of several pre-trained 2D models to lift motion
from 2D to 3D. More specifically, we combine 2D point
tracking and depth estimation to obtain information on the
depicted 3D motion from the videos, similar to concurrent
works for monocular dynamic reconstruction [25, 45]. In
our case, however, we use the 2D model outputs to effi-
ciently bring dynamics into the 3D scene in just one step,
compared to multiple steps necessary in optimization-based
solutions [27, 38]). We repeat this procedure from other
viewpoints to get more reliable and more 3D-aware estima-
tions. We explain our method that is schematically visual-
ized in Fig. 3 in the following.

We propose to track a sparse set of points throughout the
generated video that is sampled from the video frame de-
picting the static scene rendering' (which we refer to as ty).
Recent works [22] have made remarkable progress in this
task, being able to reliably track a set of points and even
giving accurate estimations and recover points that are oc-
cluded. Further, we use an off-the-shelf metric depth esti-
mation model [34] to obtain dense per-pixel depth estima-
tions for every frame.

Tracking Correction Using 2D point tracks (u,v); and
per-frame dense depth maps, we compute the depth d;
for all tracked points at each timestep. Despite the ro-
bustness of the point-tracking method, errors can oc-

IThe video diffusion model used in our method [58] was trained to
always contain the image condition at one frame in the video output, which
is often but not necessarily the first frame.
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Figure 3. Pipeline for lifting 2D dynamics into 3D. Pre-trained
models are shown in blue. We detect 2D point tracks and use
aligned estimated depth values to lift them into 3D.

cur when the tracker “loses” a point and begins track-
ing another in the background or foreground. To ad-
dress this, we use a correction method that detects errors
by thresholding the depth value ratio between consecutive
frames, where the threshold value is chosen manually to be
max{ds,ds11}/ min{d, dy11} < 1.2 in our experiments.
If the relative difference is large, we assume a tracking error
and correct it by checking the local pixel neighborhood for a
better tracking point, i.e., with a smaller depth ratio. If none
is found, we discard the respective trajectory. We estimate
depth values for points at frames where they are not visible
with a cubic spline interpolation from known depth values.
When extrapolation is needed, we use linear extrapolation
based on the interpolation gradients at the last visible point.

Depth Alignment For every tracked point p;, we com-
pare the estimated depth d; at the video frame at ¢ with the
ground-truth depth value d ST for the given scene and com-
pute the ratio between them, which we then apply to the
respective estimated depth values in other frames:

d;
d,=d; d;;;. 2)

We note that as we sample the tracking points at the same
frame, all tracked points are always visible in it.

2D-to-3D Lifting As camera extrinsics R,7" and intrin-
sics K of the rasterization camera are known, we can
project point trajectories given by pixel coordinates (u, v);
and estimated depth d; back into the 3D world space X;:

-1 T
Xt = |:§ f:| |:K_1 [Ut (%7 dt:lT 1:| (3)

To reduce memory and computational demands, we only
store the trajectories that lie within the 3D bounding boxes
of the animated scene elements at ¢.

Temporal Alignment Knowing the timestep ¢y, where
the video shows the static scene, allows us to temporally
align trajectories at this point, as shown in Fig. S1. During
optimization, we use a rendered video as noised input to the
diffusion model, which is fixed at generating n frames. As
we wish to avoid interpolation, we select the sequence with
the most overlaps to include maximum information from
sampled viewpoints. If multiple sequences have the same
“support,” we select the last one, containing ¢, as early as
possible. During testing, we can make use of linear interpo-
lation between discrete timesteps to extend the frame count
in the generated scene renderings.

Deformation Transfer Given the projected point trajec-
tories, referred to as anchor trajectories in the following,
we still need to transfer the motion onto single 3D Gaus-
sians. At this point, the explicit nature of 3DGS comes in
handy, as we can use deformation estimation methods that
are inspired by techniques from traditional geometry pro-
cessing (see Fig. 4). As we can directly infer motion that
is, e.g., as rigid as possible while closely aligned with the
anchor trajectories, this also is a decisive advantage over
optimization-based solutions using such terms as regular-
ization, where such terms hinder the amount of motion be-
ing distilled, as no motion is the most rigid motion possible.

= linear
- rigid

Figure 4. Comparison of linear and rigid motion estimation. The
rigid motion estimation finds a fitting rotation for the source dis-
placements and estimates the displacement for the target point ac-
cordingly.

Firstly, we propose to use a weighted linear motion es-
timation (cf. Linear Blend Skinning). To compute the
weights, first, the K nearest anchor trajectories at ¢y and
their distance d to the center of the Gaussian are determined
for each 3D Gaussian. The displacement is then calculated
as a weighted average of the neighboring anchor trajectory
displacements y; — x;, where the weight depends on the
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and a temperature parameter 7. To estimate rotation and
scaling changes of 3D Gaussians, one can use a similar
method as the subsequently proposed rigid motion estima-
tion with fixed ¢.

A second, more sophisticated technique is the estima-
tion of rigid body movements from the computed displace-
ments of the anchor points. To do so, we make use of
the Kabsch algorithm [21, 49] to estimate the optimal ro-
tation, isotropic scaling and translation that align the point
clouds of neighboring anchor trajectories at two subsequent
timesteps, where we choose the weights w; ; as in Eq. 4:

min E
Riti,si

FEE-NN(4,K)

wij |siRiwy +t —yslI°. (©6)

We note that though always considering the K nearest
neighbors for every 3D Gaussian, motion is being refined
when adding information from more guidance videos from
different viewpoints.

4. Experiments

In this section, we provide experimental results of our
method and qualitatively compare it to an adapted version
of DreamGaussian4D [38]. Further, we demonstrate the ef-
fectiveness of our methodological choices in an in-depth
ablation study. In our experiments, we focus on qualitative
analysis due to the lack of established metrics for generative
3D dynamics (without ground truth deformations), as well
as the lack of competing methods. However, we provide a
section on possible metrics (and their shortcomings) as well
as quantitative results for our ablation study in Sec. S2.1.

4.1. Setup

Dataset We select a number of scenes from the Mip-
NeRF 360 [6] dataset, where we use RadSplat [32] for 3D
reconstruction, as well as the bear scene from the Instruct-
NeRF2NeRF [13] dataset, which we reconstruct with stan-
dard Gaussian Splatting [23].

Baseline Given that no prior work tackled the exact task
of animating objects in the context of a full 3D scene,
we carefully compose a baseline by adapting DreamGaus-
sian4D [38] for the considered settingz. As this method
was developed for single-object video-to-4D generation, we

2The concurrent method Animate3D [19] for text-driven animation of
single objects has no public code at the time of submission.

can also use it to demonstrate the strengths and impor-
tance of animating objects within a larger scene context.
DreamGaussian4D works by first creating a static 3DGS
model that is subsequently deformed following a given 2D
video, as well as using SDS with a multi-view diffusion
model [28]. For a fair comparison, we use the bounding
boxes or masks that our method takes as input to mask out
background elements for [38]. Further, we use the same
initial diffusion guidance videos, where the background is
automatically removed for the input video in DreamGaus-
sian4D. We provide more details on the baseline, as well as
the used hyperparameters in Secs. S1.4 and S1.5.

4.2. Qualitative Results

We show qualitative results® of our method applied to the
different scenes along with the corresponding text prompts
in Fig. 7. As can be seen, our method is able to generate
compelling deformation while preserving the visual quality
of the initial 3D scenes. We additionally show the optical
flow between different frames, where we employ the same
color coding as Baker et al. [5].

4.3. Baseline Comparison

We show exemplary comparisons of our method against the
DreamGaussian4D baseline on real-world scenes in Fig. 1.
We notice two things: First, the visual quality of the 3D
scene is much more preserved by our method. This can
be attributed to several factors. Our method is based on de-
forming the existing objects by inferring 3D motion directly
from generated videos. The detected anchor trajectories are
then used to estimate the transformation of the single 3D
Gaussians. As the nearest neighboring anchor trajectories
for 3D Gaussians that lie close to each other have signifi-
cant overlap, shapes are automatically smoothly deformed.
On the opposite, the baseline deforms the 3D Gaussians in-
dependently from each other, resulting in less coherent mo-
tion. The appearance-based optimization is also more prone
to artifacts in the diffusion model guidance and, as the em-
ployed diffusion model is not image-conditioned, can also
exhibit problems like the Janus problem which is not explic-
itly solved by the multi-view diffusion model, see the bear
from the back side in Fig. 1.

Next, we notice that our method is able to generate more
realistic movements of the animated objects within the con-
text of the larger scenes. As diffusion guidance is generated
for the objects within the initial, larger scene instead of for
only the single object, contact points and realistic motion
within the scene are implicitly taken care of. The base-
line that uses a multi-view diffusion model that was trained
on single 3D assets is not able to model the motion within
this scene context, leading to discontinuities with the back-
ground elements, e.g., the feet of the bear in Fig. 1.

3We strongly recommend the reader to check the project website for
the videos corresponding to the respective figures.
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(b) Motion transfer from anchor trajectories to 3D Gaussians.

Figure 5. Qualitative comparison against ablations on the LEGO bulldozer scene for the prompt “toy bulldozer lifting its shovel.”

4.4. Ablation studies

In our ablation study, we first perform a comparison against
an optimization-based approach, a commonly used tech-
nique for modeling dynamic scenes where a neural field
is trained to model the deformations of the scene [27, 38],
guided by our proposed diffusion guidance. More details on
this baseline model are provided in Sec. S1.3. To show the
effects of our proposed approximately multi-view consis-
tent diffusion, we further ablate a version of our method us-
ing standard novel-view video generation without the pro-
posed latent interpolation. Finally, we compare rigid and
linear motion estimation and analyze the effect of the num-
ber of anchor trajectories considered in motion transfer. The
qualitative results of this analysis can be found in Fig. 5.
While our method effectively deforms 3D scenes by lift-
ing 2D motion to 3D and transferring it to 3D Gaussians,
rendering-based optimization of a deformation field fails to
generate coherent and realistic motion. The baseline partic-
ularly struggles with the temporal consistency of the gen-
erated motion due to the lack of robustness of rendering-
based optimizations to inconsistent input data (see, e.g.,
static 3D Gaussian Splatting reconstruction of moving ob-
jects as in Wu et al. [54], Fig. 5). Although our proposed
approximately multi-view consistent video generation mit-
igates this issue to some extent, the remaining inconsisten-
cies still pose a significant challenge for optimizing mean-
ingful motion. On the other hand, appearance-based opti-
mization is able to “fill” holes in the 3D scene by moving
or scaling Gaussians accordingly, which is an advantage
over our purely deformation-based approach. The use of
our proposed approximately multi-view diffusion helps in-
crease 3D consistency in the results and especially reduces

diffusion artifacts, which can lead to noisy anchor trajecto-
ries.

When transferring mo- ‘ ) _

tion from anchor trajecto- \,"

ries to 3D Gaussians, linear i CB"
motion estimation surpris- .

ingly often results in more ’ O
rigid deformation than rigid

motion estimation, as seen

at the back ends of the Figure 6. Linear vs. rigid motion
shovel in Fig. 5. The rigid estimation with limited observa-

tions.

— LBS
— ARAP

motion estimation struggles
with unbalanced observations, e.g., in the first optimiza-
tion step. Specifically, when most registered (visible) an-
chor trajectories are on one side of the object, while some
static observed points lie behind the Gaussians in question,
as simplified in Fig. 6, where the query point (blue) is in-
fluenced by two moving source points and one static point,
the rigid motion estimation predicts an incorrect rotation of
the object. Subsequent optimization steps from other view-
points fail to correct this error as noise is gradually removed
from scene renderings, causing the diffusion model to adapt
to the faulty movement.

5. Conclusions

We presented Gaussians2Life, a technique for text-driven
animation of static 3D Gaussian Splatting scenes based on
video diffusion models. We addressed shortcomings of cur-
rent public video diffusion models to improve 3D consis-
tency in the outputs and enhance motion distillation from
2D into static 3D scenes while keeping the initial scene ap-
pearance intact through geometry-aware deformation trans-
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Figure 7. Qualitative results of our method on different 3D scenes with the optical flow (see Fig. S4) shown between keyframes.

fer techniques. We emphasize that our proposed method is
optimization-free and thus significantly faster than a base-
line using an inference-time optimization. The high-quality
results of applying our method to diverse real-world cap-
tures underline its strength in the faithful animation of given
3D scenes.

Limitations The proposed method deforms an existing
scene without adding or removing 3D Gaussians. Thus, it
is not possible to fill holes created by moving objects (see
Fig. 5) or to add and remove particles, e.g., fire, in an anima-
tion. As our method does not include any rendering-based
optimization, eventual artifacts through moving Gaussians
are not made up for. A possible fix to this problem is em-
ploying SDS to refine the generated motion in an appended
stage, e.g., as proposed by Bahmani et al. [2]. Object inter-
sections or collisions are not handled explicitly but implic-
itly by using a generalist video diffusion model that gener-
ates videos of objects moving in the full scenes. While this

generally works, making up for wrong depth or tracking es-
timations is not possible.

Finally, we note that there exists a domain mismatch be-
tween the often inherently static 3D scenes captured using
3D reconstruction methods and the dynamic scenes used in
the training of video diffusion models. While this mismatch
is limiting the effectiveness of diffusion model guidance,
we introduced several techniques to deal with noisy predic-
tions in this work. Generally, we observe that with currently
available “open” video diffusion models, often, a realistic
actor is still necessary for animating scenes, which can also
be invisible, such as “the wind.”
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