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Abstract

We propose the problem of point-level 3D scene inter-
polation, which aims to simultaneously reconstruct a 3D
scene in two states from multiple views, synthesize smooth
point-level interpolations between them, and render the
scene from novel viewpoints, all without any supervision be-
tween the states. The primary challenge is on achieving a
smooth transition between states that may involve signifi-
cant and non-rigid changes. To address these challenges,
we introduce “PAPR in Motion”, a novel approach that
builds upon the recent Proximity Attention Point Rendering
(PAPR) technique, which can deform a point cloud to match
a significantly different shape and render a visually coher-
ent scene even after non-rigid deformations. Our approach
is specifically designed to maintain the temporal consis-
tency of the geometric structure by introducing various reg-
ularization techniques for PAPR. The result is a method
that can effectively bridge large scene changes and produce
visually coherent and temporally smooth interpolations in
both geometry and appearance. Evaluation across diverse
motion types demonstrates that “PAPR in Motion” outper-
forms the leading neural renderer for dynamic scenes. For
more results and code, please visit our project website at
https://niopeng.github.io/PAPR-in-Motion/.

1. Introduction

In computer vision and graphics, it is commonly desired to
visualize how a scene might evolve smoothly from a state to
a very different state. If this can be done, it could open the
way to many possibilities. For instance, in animation and
filmmaking, the ability to create lifelike animations from
just two observed states could greatly simplify production
processes and reduce the time and effort required compared
to traditional frame-by-frame animation.

To tackle this problem, we introduce a novel task, point-
level 3D scene interpolation. Given observations of a 3D
scene at only two states from multiple views, our objec-

tive is to synthesize a smooth and plausible interpolation
between scene points at the different states, so that the scene
can be rendered from novel views at any intermediate state,
as shown in Figure 1. No observation of any intermedi-
ate state is assumed. Our task differs from traditional static
scene reconstruction [15, 16, 25, 41, 44, 49], which does
not handle scene changes, and also from novel view synthe-
sis of dynamic 3D scenes [23, 28—30], which assumes the
observation of the scene at all times as it changes.

Our task carries unique challenges beyond those of novel
view synthesis on static or dynamic scenes. Because in-
termediate states are not observed, the scene geometry can
change substantially between the observed states. The ge-
ometry changes can be highly complex and involve differ-
ent local deformations that may be non-rigid. Additionally,
these geometry changes can lead to appearance changes, for
example in the cast shadows and specular reflections.

To tackle this task, we need to be able to represent the
large geometry changes between the states accurately. We
can view such changes as motion. Different representations
of motion are suitable for capturing different types of scene
changes. Eulerian motion representations record changes at
fixed scene locations, while Lagrangian motion representa-
tions track specific points through space and time. Unlike
Eulerian representations, which estimate changes indepen-
dently at different time steps, Lagrangian representations
jointly estimate changes for the same point tracked across
time. As a result, Lagrangian representations can model
long-range dynamics more accurately. Since there may be
substantial geometry changes between the observed states
in our task, we opt for modelling scene changes with the
Lagrangian approach. To enable this, we leverage recent
advances in point-based neural renderers, which are well-
suited to representing Lagrangian motion through the point-
based scene representations they learn. At a high level, our
method involves first training a model on the scene’s initial
state and then finetuning it to reconstruct the scene in its fi-
nal state. The intermediate iterations of this finetuning pro-
cess effectively create interpolations between the two states.
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Figure 1. We introduce the novel task of point-level 3D scene interpolation: Given multi-view RGB images of a scene at two distinct states,
the start state and the end state, our goal is to achieve a seamless point-level interpolation between these states without any intermediate
supervision. Our method, PAPR in Motion, can effectively synthesize a plausible geometry for any intermediate state, represented by a
point cloud (top row), and renders the corresponding scene appearance (bottom row). Additionally, we provide a visualization of the point
interpolation trajectories (right), which illustrate the coherent motion synthesized within the scene.

To ensure seamless and realistic interpolations, the
choice of point rendering technique is crucial. We leverage
the Proximity Attention Point Rendering (PAPR) [48] tech-
nique, which offers two key advantages: (i) its ability to de-
form a point cloud to match a significantly different shape,
crucial for adapting to substantial scene changes; and (ii) its
ability to maintain shape contiguity and visual coherence af-
ter geometry modifications such as non-rigid deformations,
ensuring realistic novel view synthesis of the scene at all
interpolated states.

Our method, which we dub “PAPR in Motion”, har-
nesses the strengths of PAPR and incorporates regulariza-
tion techniques specifically designed for our problem. We
leverage the observation that nearby points tend to move
together and design regularizers for PAPR that encourage
local rigidity and uniform point motion. We show that our
method produces smooth and realistic interpolations in both
geometry and appearance across diverse and complex scene
changes, encompassing synthetic and real-world scenes.
PAPR in Motion consistently outperforms the leading neu-
ral renderer for dynamic scenes, Dynamic Gaussian [24],
on point-level 3D scene interpolation. These findings not
only validate the effectiveness of our approach in tackling
this challenging new task but also establish a new baseline.
In summary, our contributions are as follows:

1. We introduce the novel task of point-level 3D scene in-
terpolation between two distinct scene states.
2. We propose PAPR in Motion, a point-based approach

capable of synthesizing plausible and smooth 3D scene
interpolations without any supervision in between.

3. We evaluate our approach on a diverse set of complex
scene changes, and show that it significantly outper-
forms the leading neural renderer for dynamic scenes,
Dynamic Gaussian [24], on this task.

2. Related Work

Our work introduces the novel task of point-level 3D scene
interpolation, a task for which specific methods have not yet
been established. However, in a broader context, our work
intersects with and draws insights from related areas such
as dynamic scene novel view synthesis and motion analysis
and synthesis of 3D objects.

Novel View Synthesis for Dynamic Scenes The intro-
duction of neural radiance fields (NeRF) [25] marked a
significant milestone in novel view synthesis, subsequently
giving rise to extensive research focused on adapting NeRF
for dynamic scenes. Some studies have proposed fitting a
separate model for each frame [3, 40], while others have
utilized Eulerian representations on a 4D space-time grid to
model the scene, optimizing efficiency through techniques
like planar decomposition or hash functions [4, 8, 34]. Al-
ternatively, some methods define the representation in a
canonical timestep and use deformation fields to map this
reference to other frames [0, 19, 23, 28-30, 32, 35, 43].
Other research has also explored the use of pre-defined tem-
plates or skeleton tracking to guide the deformation pro-
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cess [13, 17, 38]. While effective in certain scenarios, these
approaches rely on prior knowledge on the reconstructed
objects, limiting their applicability to general scenes.

Another line of work in the modelling of dynamic scenes
has adopted point-based representations [2, 24, 46]. Re-
cently, the Dynamic Gaussian method [24], which builds on
the 3D Gaussian Splatting point-based representation [15],
has showcased impressive capabilities in long-term point
tracking and novel view synthesis. By treating points as
particles, it effectively creates a Lagrangian representation
that naturally follows points through space and time.

However, a common assumption in these methods, is the
availability of uninterrupted observation of the scene at all
time steps. In contrast, our method is designed to func-
tion without requiring constant observation, and can address
scenarios where only discrete snapshots of the scene at dif-
ferent states are available.

3D Object Motion Analysis and Synthesis Unlike the
works mentioned earlier and our work, these methods only
estimate the change in object geometry, but they cannot pro-
duce the appearance of the object as it moves. The anal-
ysis and synthesis of 3D object motion represents a long-
standing area of research with considerable advances over
time [1, 9, 10, 21, 26]. The rise of data-driven method-
ologies has further expanded this domain, with numerous
methods [7, 11, 14, 22, 36, 42, 45] emerging to learn ob-
ject motions in a supervised framework. A common limita-
tion among these methods, however, is their reliance on 3D
supervision and sometimes also on articulation annotations,
which are challenging and costly to obtain at scale. Another
line of research has focused on category-specific modelling,
where separate models are developed for distinct object cat-
egories [18, 27, 33, 37]. While effective within their defined
scope, these methods often face difficulties in generalizing
to arbitrary novel objects.

In a related context, recent work by Liu et al. [20] in-
vestigates using pairs of RGB observations to analyze the
motion parameters of an articulated object. Their approach,
however, only focuses on part-level rigid motion of a sin-
gle movable part. In contrast, our approach models point-
level scene changes, accommodating both rigid and non-
rigid transformations, and handles scenarios where multiple
parts of an object move simultaneously.

3. Problem Setup

We introduce the novel task of point-level 3D scene interpo-
lation. In this task, we consider a scene undergoing changes
within a 3D space, with our inputs limited to observations
from only two distinct scene states: the initial state at time
t = 0 and the final state at time ¢ = 7. Our objective is
to generate a smooth and plausible interpolation at the point

level between these two states, without observing any in-
termediate states, as illustrated in Figure 1. This means for
each point ¢ in the scene, which moves from its initial lo-
cation p? at the start state to its final location p! at the end
state, we aim to generate its trajectory {p!}:c (o, 1) through

time and space. Moreover, the synthesized images I; of the
scene at any given time step ¢ € [0, 7] should also appear
realistic, thereby yielding a visually coherent interpolation
between the initial and final states.

We are given a set of RGB images of a 3D scene at
two states from multiple views along with their associ-
ated camera poses. It is important to note the distinction
between our problem setting and static 3D scene recon-
struction [15, 16, 25, 41, 44, 49], which does not con-
sider changes in the scene over time. It also differs from
the classic problem of novel view synthesis of dynamic 3D
scenes [23, 28-30], where all time steps between start and
end states are typically observed. Our focus is on synthe-
sizing plausible interpolations between scenes at two dis-
tinct states, rather than on reconstruction or tracking of ob-
served motion across time. Our problem setting is inher-
ently quite challenging due to the potential for significant
scene changes between the two observed states.

4. Method

To achieve point-level 3D scene interpolation between two
states, our approach starts with training a point-based neural
rendering model on the initial state, followed by finetuning
this model to match the final state. The intermediate itera-
tions of this finetuning process generate the interpolations
between the initial and final states. The rest of this sec-
tion starts by discussing the rationale behind our choice of
the point-based rendering technique we build upon, namely
Proximity Attention Point Rendering (PAPR) [48] (Sec-
tion 4.1). This is followed by a brief overview of PAPR
(Section 4.2). Finally, we delineate our method, “PAPR in
Motion”, which leverages the capabilities of PAPR to gen-
erate scene interpolations (Section 4.3).

4.1. Choice of Point-based Rendering Technique

Our method leverages point-based representations to model
long-range scene dynamics in an Lagrangian fashion. Given
the challenges posed by large scene changes and non-rigid
transformations, selecting an appropriate point-based ren-
derer is critical.

Point-based neural renderers come in two flavours: splat-
based renderers and attention-based renderers. Splat-based
renderers [15, 31, 39] place primitives, e.g., ellipsoids or
Gaussian kernels, at every point and check which primitives
intersect with a given ray. On the other hand, attention-
based renderers, like PAPR [48], directly predict the inter-
section point between the surface and a given ray by inter-
polating between nearby points using attention.

21009



In our problem setting, since there may be large scene
changes between the observed states, the initial and final
point clouds should differ substantially. We opt for PAPR
over splat-based renderers because the latter struggle with
large scene changes. This limitation of splat-based render-
ers arises from the decreasing contribution of each point to
a pixel as it moves away from the pixel, leading to vanish-
ing gradients for distant points. Consequently, splat-based
renderers can become stuck in point cloud configurations
far from the ground truth, particularly when the initial point
cloud differs substantially from it. In contrast, instead of
solely considering the absolute distance of each point to the
pixel, PAPR takes the relative distances of different points
to the pixel into account. This is achieved through an at-
tention mechanism, which normalizes the contributions of
all points, ensuring their total contribution always sums to
1. As a result, there will always be points that have signif-
icant contributions to each pixel, even for pixels far from
all points. This prevents the gradient from vanishing even
when the point cloud is far from the ground truth geometry,
thereby allowing PAPR to move points at ease regardless of
where they were initially.

Furthermore, because there can be complex, non-rigid
geometry changes between observed states, synthesizing re-
alistic views after applying such deformations becomes cru-
cial. Again, PAPR outperforms splat-based renderers in this
aspect. Splat-based renderers often produce porous shapes
after non-rigid transformations, as shown in [48]. This
phenomenon stems from the need to redistribute splats to
maintain surface coverage after non-rigid deformations like
stretching. In contrast, PAPR, by implicitly representing
surfaces through point interpolation, can adapt to changes
in point density, preserving shape contiguity and visually
coherent appearances under non-rigid deformations.

4.2. Overview of Proximity Attention Point Render-
ing (PAPR)

PAPR takes a set of RGB images of a static 3D scene from
multiple views and their associated camera poses as input,
and jointly learns a point-based scene representation, an at-
tention mechanism, and a differentiable renderer based on
U-Net architecture. Each point ¢ in the scene representa-
tion consists of a point location p; € R3, an influence score
7; € R and a view-independent feature vector u; € R¢.
Given a camera pose, PAPR casts a ray from the cam-
era’s centre of projection through each pixel on the image
plane. At each ray, PAPR first produces a ray-dependent
embedding for each point. It then uses the attention mech-
anism to compute the relative contribution weights of these
points, and combines the feature vectors of these points us-
ing the output weights. The aggregated feature map is then
fed to the differentiable renderer to produce the output im-
age I. The entire pipeline is trained end-to-end to minimize

reconstruction loss between the output I and ground truth
image I, as measured by the function L;.ccon:

Lyecon = MSE(I,1,;) + A - LPIPS(L, 1,,;) (1)

Here, the reconstruction loss is composed of a weighted
combination of mean squared error (MSE) and the LPIPS
metric [47]. For further details and in-depth analysis of
PAPR, we direct readers to the original paper [48].

4.3. PAPR in Motion

We will assume that the start and end states differ in ge-
ometry, but are similar in appearance. However, because
the ground truth geometries are not known at any state, we
must estimate them. To do so, we will build an scene tem-
plate that can support different geometries and fit the same
template to both states by varying the geometry parameters.
To build the scene template, we will train a PAPR model of
the scene at the start state. Because PAPR is adept at han-
dling geometry deformations, we can use the PAPR model
with all parameters fixed except for the point coordinates as
an scene template. In this template, the point coordinates
are the free parameters that represent geometry. On the
other hand, the view-independent feature vectors associated
with the points carry localized scene texture information,
and represent the appearance. So each point can viewed as
a geometry-agnostic marker of a part that can moved freely
to match the observed state of the scene.

We can then fit the scene template to the end state to re-
cover the change in geometry from the start to the end state.
During the fitting process, the geometry will change gradu-
ally from the start to the end state, and so will form a natural
interpolation trajectory. In more concrete terms, this entails
finetuning the PAPR model trained earlier on the images
from the end state, with all parameters except for the point
coordinates fixed. As the spatial positions of the points are
changed during the finetuning process, we will keep track
of the trajectories they follow and adjust them as needed to
ensure their physical plausibility. These trajectories form a
Lagrangian representation of the scene’s evolution.

To generate a point-level 3D scene interpolation, we use
these trajectories to obtain the geometry of the scene at
the intermediate states. Because the appearance between
the observed states may change as a result of the geometry
change, e.g., cast shadows or specular reflection, after the
scene template’s geometry has been fitted to the end state,
we finetune the appearance parameters of our model as well.
We then interpolate between the appearance parameters of
the models at the start and end states to obtain the appear-
ance of the scene at intermediate states. To synthesize a
novel view at any state, we render the geometry and appear-
ance parameters at that state with PAPR.

Below we delineate how we make interpolation trajecto-
ries physically plausible and handle appearance changes.
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Figure 2. Qualitative comparison of 3D scene interpolation from start to end state using synthetic scenes. Both methods start by training
a static model for the start state and subsequently finetune it towards the end state, all without any intermediate supervision. Dynamic
Gaussian [24] struggles to maintain consistent scene geometry and appearance, resulting in unnatural motion, as shown by the point
trajectories. On the other hand, PAPR in Motion creates smooth and plausible interpolations between states. It successfully handles a
variety of transformations, from the rigid motion observed in the Lego man’s standing pose to the non-rigid, fluid motion of the dolphin’s

tail.

Ensuring Plausibility of Interpolation Trajectories
Naively finetuning the positions of all points independently
can lead to implausible deformations to the part geometry
or some points becoming trapped in a local optimum, espe-
cially in cases with substantial scene changes or in regions
with near-constant texture.

To avoid implausible deformations, we propose adding a
regularization term, termed the local distance preservation
loss, during finetuning, which encourages local rigidity by
preserving distances between each point and its neighbours.

Specifically, we begin by finding the k-nearest neigh-
bours NN (i) for each point 4 based on their positions at
the start state p?, and keeping track of its squared (o dis-
tances d?’ ; to each neighbouring point j in NNy (i):

d?; = [|p} — pY|I3 )

Atany given time ¢t € (0, T, we calculate the regularization
loss based on the current squared £, distances dj ; from p}

to its neighbours from the start state:

di ; = |lpi — p}l3 3)
1
Lrigia =y 2 > 1db; = dijl “)
% jENNk(7)

where N represents the total number of points in the scene.
The updated loss function, incorporating this new regular-
ization term, becomes the following:

L= Erecon + )\rigid : ﬁrigid (5)

While the integration of a local distance preservation loss
helps regulate the movements of points and avoid excessive
drift, we find that it’s not always sufficient in cases involv-
ing substantial scene changes. In such scenarios, it may not
fully ensure that points within a moving part move cohe-
sively as a unit. This issue stems from the loss’s inability
to account for the directions of point motion. To address
this and further smooth out point motion, we introduce a lo-
cal displacement averaging step. This step is designed to
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encourage uniform motion of nearby points and its neigh-
bours, which is crucial for maintaining the cohesiveness of
moving parts and ensuring temporal visual coherence.

In the local displacement averaging step, we modify the
position of each point ¢ by first recalculating its displace-
ment from its initial position at the start state h! = p! — p?.
Then we adjust it based on the average displacement of its
k-nearest neighbours at the start state NNy (¢) from their re-
spective initial positions:

~ 1

hi=— > (p/-p) (6)
JENN (i)
pt=pY +h! (7)

Here, p! denotes the adjusted position for point . This aver-
aging regularization is applied every m iterations to gently
guide the points towards a more coherent trajectory.

Once the geometry has nearly converged, we disable lo-
cal displacement averaging to allow the point cloud to more
closely match the end state geometry.

The point positions generated throughout this optimiza-
tion process serve as interpolations for the scene geometry.
We then apply temporal smoothing to the point positions by
taking the arithmetic mean over a sliding window of size 7.

Handling Appearance Changes In the final phase, with
the scene geometry aligned to the geometry of the end state,
we shift our focus to refining the appearance parameters of
the template. At this stage, the positions of the points are
fixed, and we finetune two key elements. First, the feature
vectors associated with each point are optimized. This fine-
tuning specifically targets adapting view-independent as-
pects of scene appearance, for example changes in colour
due to variations in shadows cast by moving parts. Second,
we refine the ray-dependent attention mechanism. This ad-
justment is crucial for adapting view-dependent effects, in-
cluding reflections. The combination of adjusting both the
feature vectors and the attention mechanism enables a more
precise capture of the nuances in appearance between the
start and end states.

To render the appearance for an intermediate state ¢ €
(0, T) with point positions {p?};, we interpolate both the
feature vectors and the model weights associated with the
attention mechanism between the original model and the
model after end-state finetuning. This interpolation enables
gradual and smooth changes in appearance, such as shad-
ows or specular reflections, between the start and end states.
The interpolation weight is given by its progress o in the
interpolation process within the range of [0, 1] as follows:

N
oy — > iz [IPE = pYl2 ®
- N
Zi:l ||PzT - p?||2

Here, N denotes the total number of points in the point
cloud, and || - || represents the /5 distance. Essentially, o
measures the progress of interpolation using the total dis-
tance travelled by the points from their initial positions. The
farther they have travelled relative to their final distances,
the later the checkpoint is on the interpolation timeline.

5. Experiments

To evaluate the effectiveness of our method on point-
level 3D scene interpolation, we experiment on both syn-
thetic and real-world scenes. The synthetic scenes in-
clude six scenes from a combination of the NeRF Synthetic
Dataset [25] and the Objaverse dataset [5]. In addition, we
manually captured two real-world scenes. The scenes we
use represent a wide range of complex scene changes, en-
compassing rigid and non-rigid transformations, large dis-
placements, and scenarios with multiple parts in motion.

Given the novelty of this task and the absence of ex-
isting methods for the task, we compare our method to
the leading point-based method for dynamic scenes, Dy-
namic Gaussian [24]. To pre-train Dynamic Gaussian for
the initial state, we begin with a point cloud constructed by
COLMAP, containing between 100,000 to 500,000 points
for each scene. In contrast, the pre-training of PAPR for
each scene uses a significantly sparser point cloud of just
30,000 points, which are initialized randomly. This ap-
proach is feasible due to PAPR’s ability in learning point
clouds from scratch and its capability to learn parsimonious
yet effective representations. Regarding our method’s pa-
rameters, we set A = 0.01, Agiq = 5, m = 100 and a k that
ranges from 70 to 300, depending on the specific scene.

We evaluate each method qualitatively on both the geom-
etry and the renderings of the scenes. This evaluation spans
the entire duration of the interpolation, from the start state
to the end state. Additionally, we visualize and compare the
interpolation trajectories of points within the scene, provid-
ing more insights into the quality of the interpolated motion
generated by each method. For the quantitative evaluation,
due to the absence of an existing metric for evaluating scene
interpolation quality, we introduce a novel metric termed
the scene interpolation metric.

Scene Interpolation Metric This metric is designed to
assess the overall quality of interpolation by evaluating the
quality at different intermediate steps and aggregating these
individual quality assessments to arrive at an overall score.
Specifically, the evaluation is performed sequentially at
each model checkpoint throughout the interpolation pro-
cess. For the t'" checkpoint, we compute its progress o
using Equation 8. In our evaluations, we select 24 evenly
spaced checkpoints that span the interpolation process.
Given the lack of ground truth geometries and appear-
ances for intermediate steps, at each step ¢, we assess the
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Figure 3. Qualitative comparison of 3D scene interpolation from start to end state using real-world scenes. Both methods start by training
a static model for the start state and subsequently finetune it towards the end state, all without any intermediate supervision. Dynamic
Gaussian [24] struggles with significant scene changes, as shown by both scenes where only a portion of the points move to the right place.
In contrast, PAPR in Motion successfully handles these challenging scenarios, producing smooth and realistic interpolations between states.

quality f; of interpolation P; by comparing it separately to
the ground truth at the start and end states, Pstq.+ and Py q:

ft = (1 - at)d(Pstarta Pt) + atd(Pend7 Pt)

Here, P represents either the geometry (as a point cloud)
or the appearance (as a set of scene renderings using cam-
era poses C). For the ground truth point clouds at the start
and end states, we use those derived from training the cor-
responding static 3D scene reconstruction method, namely
PAPR [48] for our method and Gaussian Splatting [15] for
Dynamic Gaussian [24]. For appearance evaluation, we
choose C to consist of 128 viewpoints encircling the scene
in 3D. The distance function d(-, -) denotes either the Cham-
fer distance (CD) or the Earth Mover’s distance (EMD)
for geometry evaluation and the Fréchet inception distance
(FID) [12] for appearance evaluation.

The overall scene interpolation metric is derived by ag-
gregating the measurements across all steps:

T

Z(Oét — Oét71) . M

2
t=1

We use Scene Interpolation CD and EMD (SI-CD, SI-
EMD) for geometry evaluation and Scene Interpolation FID
(SI-FID) for appearance evaluation.

5.1. Quantitative Results

We include the scene interpolation metric scores in Ta-
ble 1. As shown, our method significantly outperforms the
baseline across all metrics in both synthetic and real-world
scenes. These results demonstrate our method’s capabil-
ity to interpolate scene appearance and geometry effectively
between the start and end states.

5.2. Qualitative Results

Figures 2 and 3 present a qualitative comparison between
our method, PAPR in Motion, and the baseline Dynamic
Gaussian [24] on various synthetic and real-world scenes.
PAPR in Motion demonstrates superior capabilities in gen-
erating plausible and seamless scene interpolations. It ef-
fectively handles a diverse range of motion types, including
rigid transformations seen in the Lego man and non-rigid
bending motions observed in the dolphin in the synthetic
scenes (Fig.2). Additionally, our method proves effective in
scenes with significant changes, such as raising the tablet
stand and the lamp in the real-world scenes (Fig.3). In con-
trast, the baseline method fails to maintain consistent scene
geometry and appearance, resulting in unnatural interpola-
tions. For more qualitative comparisons, please refer to the
supplementary materials.
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Synthetic Scenes

Real-world Scenes

Metric Method Butterfly Crab Dolphin Giraffe ~ Lego Bulldozer  Lego Man Avg ‘ Stand Lamp Avg
SL-FID | Dynamic Gaussian [24]  352.43  106.82  134.01 199.76 173.07 201.74 194.64 293.60 266.87 280.24
PAPR in Motion (Ours) 99.06 76.95 120.27 173.89 110.78 140.84 120.30 | 182.74 216.74 199.74
SI-CD | Dynamic Gaussian [24] 45.63 1.66 0.66 1.06 6.31 2.74 9.68 20.27 53.99 37.13
PAPR in Motion (Ours) 17.98 1.32 0.25 0.27 1.99 1.82 3.94 8.91 9.19 9.05
SI-EMD | Dynamic Gaussian [24] 56.74 17.33 22.29 18.04 55.62 18.95 31.49 70.30 120.32 95.31
PAPR in Motion (Ours) 35.85 9.45 2.67 5.06 8.78 13.89 12.62 44.52 61.52 53.02

Table 1. Comparison of scene interpolation appearance rendering quality, measured by Scene Interpoation FID (SI-FID), and geometry
quality, measured by Scene Interpolation Chamfer distance (SI-CD) and Scene Interpolation Earth Mover’s distance (SI-EMD). Lower
scores for all three metrics indicate better quality. The SI-CD and SI-EMD results are reported on a scale of 10™3. Our method consistently

outperforms the baseline on both synthetic and real-world scenes.

5.3. Ablation Study

Figure 4 presents the results of our ablation study, where we
incrementally remove the local displacement averaging step
(LDAS) and the local distance preserving loss L;;4:q. The
study reveals that upon the removal of the local averaging
step, the points, while maintaining cohesiveness, still ex-
hibit undesirable deformations in the part geometry, such as
in the neck and rear leg of the giraffe. Further, the elimina-
tion of the loss L,;4:q leads to excessive drift of the points,
resulting in a failure to preserve the structural integrity of
the object’s shape. These results underscore the vital role of
our regularization techniques in maintaining scene geome-
try and demonstrate their necessity for facilitating smooth
and plausible scene interpolations.

6. Discussion and Conclusion

Limitations While our method showcases promising re-
sults, it does have certain limitations, which open avenues
for future research. Specifically, since our model is pre-
trained on the start state, it might have challenges rendering
areas not visible in the initial state but are present in the end
state, which can happen when new objects enter the scene.
Additionally, since we do not assume any prior knowledge
on the scene object, such as its semantics, the generated mo-
tion may not precisely replicate real-world motion. These
challenges, however, present exciting opportunities for fur-
ther exploration and expansion of our method.

Conclusion In this paper, we introduce the novel task
of point-level 3D scene interpolation between two distinct
scene states. Addressing this novel and challenging task, we
leverage the capabilities of the Proximity Attention Point
Rendering (PAPR) technique to develop a method that can
create plausible and smooth interpolations. Notably, our ap-
proach proves to be effective even in cases involving sub-
stantial non-rigid scene changes. Our work establishes a
baseline on this challenging task and paves the way for fur-
ther exploration and advancement.

Start Intermediate End

Full Model

No LDAS

No LDAS, ‘C'r‘igid

Figure 4. Ablation study on the impact of proposed regulariza-
tion terms, where we incrementally remove the local displace-
ment averaging step (LDAS) and the local distance preserving loss
(Lrigia)- The results show that removing LDAS leads to unwanted
deformations in the part geometry. When L,.;4;4 is also removed,
there is a further detrimental effect, with points drifting away from
the object surface. These findings validates the critical role of both
regularization techniques in maintaining the integrity and the qual-
ity of our model’s interpolations.
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