
RetimeGS: Continuous-Time Reconstruction of 4D Gaussian Splatting

Xuezhen Wang1 Li Ma2 Yulin Shen3 Zeyu Wang1,3 Pedro V. Sander1
1HKUST 2Netflix Eyeline Labs 3HKUST(GZ)

Figure 1. We introduce a 4DGS representation with tailored training strategies that enables interpolating arbitrary intermediate frames,
even under relatively large inter-frame motion. Our method reconstructs high-quality frames in challenging scenarios characterized by non-
rigid deformations, complex textures, and visibility changes. Project page: https://william-wang2.github.io/RetimeGS/.

Abstract

Temporal retiming, the ability to reconstruct and render dy-
namic scenes at arbitrary timestamps, is crucial for ap-
plications such as slow-motion playback, temporal editing,
and post-production. However, most existing 4D Gaussian
Splatting (4DGS) methods overfit at discrete frame indices
but struggle to represent continuous-time frames, leading to
ghosting artifacts when interpolating between timestamps.
We identify this limitation as a form of temporal aliasing
and propose RetimeGS, a simple yet effective 4DGS repre-
sentation that explicitly defines the temporal behavior of the
3D Gaussian and mitigates temporal aliasing. To achieve
smooth and consistent interpolation, we incorporate optical
flow-guided initialization and supervision, triple-rendering
supervision, and other targeted strategies. Together, these
components enable ghost-free, temporally coherent render-
ing even under large motions. Experiments on datasets fea-
turing fast motion, non-rigid deformation, and severe occlu-
sions demonstrate that RetimeGS achieves superior quality
and coherence over state-of-the-art methods.

1. Introduction

High-fidelity dynamic scene reconstruction from multi-
view imagery is a fundamental problem in computer vision
and computer graphics, with broad applications in virtual
reality (VR), film production, and immersive telepresence.
A common requirement across these applications is precise
retime control, which demands rendering a dynamic scene
at arbitrary timestamps and producing temporally coherent
results far beyond the discrete frame indices of the original
capture. Such control enables smooth slow-motion play-
back, supports the high frame rates required for comfort-
able VR rendering [32], and facilitates complex visual ef-
fects (VFX) such as speed ramps and bullet time. This typ-
ically requires generating continuous intermediate frames
between the discrete input frames.

Recently, there has been significant progress in 4D re-
construction using Gaussian Splatting–based representa-
tions, owing to their efficiency and high rendering qual-
ity. Unfortunately, these methods focus primarily on recon-
structing a dynamic scene only at discrete input timestamps,
and are not optimized for interpolated intermediate times.
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As a result, when forced to render at floating-point times-
tamps, they often exhibit various artifacts. Based on how
these methods parameterize the temporal change, they can
be broadly grouped into two categories. A line of research
models scene geometry and appearance within a canonical
space, leveraging deformation fields [1, 7, 9, 14, 19, 22, 30,
39, 43, 50], control points [25], or physical constraints [23]
to capture dynamics. However, these methods assume that
dynamics arise mainly from geometric motion, and there-
fore struggle when object visibility or textural appearance
changes over time. Moreover, they rely on precise cor-
respondence estimation, which becomes unreliable under
large motions or limited inter-frame overlap. As a result, the
same primitives may accumulate signals from spatially mis-
aligned regions caused by incorrect correspondence match-
ing, leading to visual artifacts and erroneous trajectories.

Another line of research, which has recently gained
widespread adoption, employs 4D primitives to represent
dynamic scenes. In these approaches, opacity is typically
decomposed into multiple components: a base (or native)
opacity, a spatial 3D Gaussian opacity conditioned on time
(characterized by scale and rotation that define the covari-
ance), and a temporal opacity modeled using a 1D Gaus-
sian [5, 18, 37, 41, 44] or other parametric distributions
such as constant temporal window with Gaussian fall-off
at the boundaries [15]. This formulation allows the scene to
be flexibly represented by Gaussians that dynamically ap-
pear and disappear according to visibility and appearance
changes. Yet, temporal opacity is freely optimized using
supervision only at integer timestamps without any regular-
ization. As a result, the learned opacity can overfit to dis-
crete frames and become temporally aliased (e.g. collapsing
to sub-frame temporal support), causing ghosting artifacts
when rendering intermediate frames, typically manifested
as static semi-transparent overlapping structures from adja-
cent input frames (see Figure 2). This is less problematic
for small-motion [17] or high-FPS [37] datasets, but can
struggle for data with large motion. Analogous to 3D Mip-
Splatting [47], which addresses the problem of spatial alias-
ing, an intuitive solution for this representation is to apply
a low-pass filter to the temporal opacity, effectively widen-
ing the primitive. However, this approach introduces a new
challenge: the stretched Gaussian distribution requires ac-
curate trajectory estimation across many frames. Failure to
do so leads to another form of ghosting artifacts, arising
from inconsistent trajectories among different primitives.

The aforementioned limitations motivate the core design
principles of our representation. Specifically, it should (i)
dynamically appear and disappear to capture variations in
appearance and visibility of dynamic content, (ii) be reg-
ularized to prevent collapse under sparse temporal sam-
pling, and (iii) maintain accurate and consistent trajecto-
ries throughout its duration to avoid ghosting artifacts. To

Figure 2. Illustration of temporal overfitting to input frames t1 and
t2, causing ghosting at t1.5 in 4D primitive-based methods.

realize these principles, our representation enforces that a
single set of primitives fully explains two adjacent input
frames and the interval between them via a short-tailed tem-
poral opacity. We model the trajectory across this interval
with a Catmull–Rom spline [2], whose parameters are su-
pervised by bidirectional optical flow. To avoid redundant
representations in static regions, the duration of each primi-
tive is dynamically learned to extend across multiple frames
when it can reliably represent them. The entire representa-
tion is optimized using triple-rendering supervision, a flow-
based initialization strategy and a duration-weighted relo-
cation strategy, enabling smooth interpolation under low
frame rates and large motion. Experiments on real-world
challenging datasets featuring fast motion, non-rigid defor-
mations, complex textures and visibility changes demon-
strate superior performance compared to existing baselines.

2. Related Work
2.1. Dynamic Scene Reconstruction
Since dynamic scene reconstruction has been extensively
studied, we refer readers to [49] for a comprehensive survey
and focus here on the most relevant methods.

As discussed in Section 1, our design is motivated by
two main categories of optimization-based Gaussian Splat-
ting approaches. GaussianFlow [6] first introduces trajec-
tory supervision via optical flow. However, without ex-
plicit regularization on temporal opacity, the primitives still
cluster around input frames and rapidly dissolve in inter-
mediate ones, resulting in similar ghosting artifacts. Our
representation addresses this issue by regularizing the tem-
poral opacity and parameterizing the primitives such that
the primitives can jointly leverage two forward and two
backward optical flows to learn a smooth spline trajectory.
This design eliminates the linearity bias inherent to optical
flow, which is limited to pairwise frame correspondence.
SplineGS [25] parameterizes trajectories via splines driven
by control points corresponding to 2D tracks per frame [10].
SoM [34] and MoSca [16], on the other hand, use sparse
motion bases to model trajectories and rely on interpolation
for the dense deformation field. Nevertheless, they are tai-
lored to monocular 4D reconstruction. A concurrent work,
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TrackerSplat [46], focuses on reconstructing scenes with
large motions, yet it is not designed for the interpolation.

Recently, several feed-forward 4D reconstruction meth-
ods have been proposed [8, 20, 29, 40, 42]. However,
some of these approaches are constrained by their training
datasets—for instance, L4GM [29] exhibits poor general-
ization to real-world subjects, while Forge4D [8] is trained
exclusively on human data. Others primarily target monoc-
ular 4D reconstruction [20, 40, 42]. Our method leverages
all available dense views for better quality and generalizes
effectively across diverse datasets and scene types.

2.2. 4D Scene Interpolation
When only a single view is available, our problem degen-
erates into video frame interpolation (VFI), a widely stud-
ied area. We refer readers to the recent survey [13] for
a comprehensive overview. A straightforward approach is
to generate unseen intermediate frames independently for
each video using VFI and then lift them to 3D. However,
this is challenging since reconstruction requires both spa-
tial and temporal consistency. 4DSlomo [3] takes a step in
this direction by trading training views for frame rate and
employing a video model [31] to hallucinate unseen view-
points, which requires additional setup for asynchronous
capture. In-2-4D [24] tackles 3D start–end frame interpo-
lation with large input disparities, but its reliance on priors
such as video models limits generalization to scenes that
those models can faithfully represent. All these methods
constrain the number of interpolated frames to those pro-
duced by the underlying 2D interpolation, whereas our ap-
proach can generate arbitrary intermediate frames after re-
construction. Other methods, such as PAPR [27] and the re-
cent GMC [21], focus on establishing correspondences for
start–end frame interpolation, a different task that becomes
prohibitively expensive when applied to an entire sequence.

3. Methods
Our method utilizes multi-view videos and corresponding
optical flows, derived from off-the-shelf WAFT [35], as in-
put to reconstruct a 4D scene at any time, allowing interpo-
lation of arbitrary frames between the input views. Figure 3
illustrates the overall pipeline of the method.

3.1. Preliminaries
For ease of presentation, we formalize these inputs as fol-
lows. Let C = {c1, . . . , c|C|} be the set of C camera views
and T = {t1, . . . , t|T |} the set of time steps, where ti+1 −
ti = ∆t for all valid i. A multi-view video is a tensor V ∈
RC×T×H×W×3, where Vc,t ∈ RH×W×3 is the RGB image
from camera c at time t. The corresponding forward multi-
view optical flow is Ffwd ∈ RC×(T−1)×H×W×2, where
Ffwd

c,t ∈ RH×W×2 gives the per-pixel 2D motion field from
Vc,t to Vc,t+1 for camera c. Analogously, the backward

multi-view optical flow is Fbwd ∈ RC×(T−1)×H×W×2,
where Fbwd

c,t ∈ RH×W×2 gives the per-pixel 2D motion
field from Vc,t back to Vc,t−1.

3.2. 4D Representation Formulation
The original 3DGS [11] primitives are represented by
(x, s,h, q, σ). To support dynamic scenes, we extend the
parameters of each Gaussian primitive to:(

µτ , τl, τr, µ, v, s, q(t), h, σ
)
, (1)

from which we can get the corresponding 3DGS primitives
with (x(t), s, q(t),h, στ (t), σ) at time t. µτ is the tempo-
ral mean, and τl and τr represent the left and right temporal
boundaries, respectively, which are used to define the tem-
poral opacity στ (t). µ denotes the pseudo spatial mean,
and v = (v1,v2,v3) is the velocity components. µ and v
are combined to specify a spline for the spatial trajectory to
get x(t). The parameter s represents the anisotropic scale,
while q(t) is a quaternion denoting the rotation. The co-
efficients h correspond to the spherical harmonics used for
color representation, and σ specifies the base opacity.

At any time t for a primitive p, following STGS [18], the
rotation qp(t) is modeled as a low-order polynomial in time.
The effective opacity σp(x, t) contributed by primitive p at
spatial location x and time t is

στ,p(t)σp exp
(
− 1

2 (x−xp(t))
TΣp(t)

−1(x−xp(t))
)
, (2)

where Σp(t) = Rp(t) diag(s
2
p)Rp(t)

Tis the time-varying
covariance obtained by rotating and scaling the base Gaus-
sian of primitive p, with Rp(t) = QuatToMat

(
qp(t)

)
.

The color of primitive p at time t is evaluated from its spher-
ical harmonics as cp(t) = SH

(
hp, dp(t)

)
, where dp(t) is

the viewing direction from the camera to xp(t). Following
the standard Gaussian Splatting formulation [11], the con-
tributions of all primitives are then projected, depth-sorted,
and alpha-composited to render the final image at time t.

In the following sections, we focus on explaining our de-
sign for obtaining the temporal opacity στ (t) and the spatial
mean x(t) from per-primitive parameters.

Temporal Opacity. For interpolation, as discussed in
Section 1, our primitives must dynamically appear and
disappear to combat the limitations of deformation-based
methods, while being regularized to span the duration be-
tween input frames. This prevents them from degenerating
and clustering around sparse temporal inputs, overcoming
the limitations of 4D primitive-based approaches. More-
over, the duration of each primitive must align with the ex-
plicitly supervised trajectory, implying that it cannot rely on
a stretched temporal distribution with strong support across
many frames (e.g., a Gaussian), since accurate trajectory es-
timation across multiple frames inherently shares the same
correspondence challenges as deformation-based methods.
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Figure 3. Pipeline Overview. We represent a dynamic scene using a novel 4D representation that combines regularized temporal opacity
with smooth spline-based spatial positioning. By leveraging tailored training strategies using RGB images and bidirectional optical flow,
our method can reconstruct arbitrary intermediate frames under sparse temporal sampling and large motion.

Specifically, at initialization, the temporal mean µτ , off-
sets τl and τr are non-optimizable and defined as:

µτ =
ti + ti+1

2
, τl = τr =

∆t

2
, ti, ti+1 ∈ T . (3)

The temporal opacity στ (t) is formulated as the product of
two sigmoid functions centered at the left and right tempo-
ral boundaries defined by the temporal mean µτ and offsets
τl and τr, respectively. This design allows each primitive
to smoothly fade in and out within its temporal range with
a short-tailed kernel. At boundaries, however, there is no
primitive beyond the video duration to blend with. To pre-
vent an undesired drop in visibility near these global limits,
the corresponding sigmoid function is replaced by a con-
stant value of 1, ensuring that the primitive remains fully
visible up to the boundary. Formally, we define

στ (t) = ψ̃l

(
t− (µτ − τl)

γ

)
ψ̃r

(
(µτ + τr)− t

γ

)
, (4)

where ψ̃l and ψ̃r are boundary-aware sigmoid functions de-
fined compactly as

ψ̃s(x) =

1, if

{
µτ − τl < ϵ, s = l,

µτ + τr > tT − ϵ, s = r,

ψ(x), otherwise.

(5)

Here, ψ(·) denotes the sigmoid function, and γ is a hyperpa-
rameter controlling the smoothness of temporal transitions.
Intuitively, this design keeps each set of primitives centered
and active between two input frames, and supervises it us-
ing both frames, allowing smooth rendering of intermediate
frames. Around each input frame, two neighboring sets of
primitives blend in and out, ensuring seamless transitions.

Furthermore, to leverage the same advantages offered
by deformation-based methods, which require fewer prim-
itives, as will be explained later in Section 3.3.3, τl and τr
are periodically extended to ( 12 + k)∆t for some positive
integer k during training when certain criteria are met. This
allows static primitives to persist for longer durations, and
once these static parts begin to move, which are automat-
ically determined by the stretched boundary, they rapidly
dissolve as a new set of primitives gradually fades in. Fig-
ure 3 shows dynamic primitives as well as primitives that
are periodically detected as static and temporally stretched,
with a temporal mean centered at t1+t2

2 .
Spatial Mean. Regularizing temporal opacity alone is

insufficient for accurate interpolation. Without additional
supervision signals, sparse temporal inputs yield minimal
or no content overlap between adjacent frames for moving
objects, which prevents RGB supervision from learning re-
liable correspondences. In the absence of accurate trajec-
tories, the primitives receive inconsistent signals from the
two input frames, resulting in suboptimal representations.
Furthermore, under sparse temporal input, assuming linear
velocity for large motions results in piecewise-linear motion
artifacts. These motivate our decision to model the spatial
mean x(t) using a Catmull-Rom spline [2] and explicitly
supervise its parameters by a bidirectional optical flow.

As shown in Figure 3, intuitively, for a primitive p with a
temporal mean µτ,p = (ti+ti+1)/2, the velocity v2,p repre-
sents the linear velocity between frames ti and ti+1 derived
from 3D correspondence. Similarly, v1,p is the linear ve-
locity from ti−1 to ti, and v3,p is the linear velocity from
ti+1 to ti+2. The pseudo-mean µp represents the position
at µτ,p, assuming linear motion from ti to ti+1 between the
correspondences. If v1,p or v3,p is unavailable at temporal
boundaries, we fall back to v2,p.
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The inner control points, which the spline interpolates
exactly, correspond to the positions at ti and ti+1.

p1,p = µp −
1

2
∆t ·v2,p, p2,p = µp +

1

2
∆t ·v2,p (6)

The outer control points determine the curvature at the inner
points using velocities from adjacent intervals.

p0,p = p1,p −∆t · v1,p, p3,p = p2,p +∆t · v3,p (7)

Utilizing these four control points, the Catmull-Rom
spline [2] smoothly interpolates the trajectory xp(t) for
t ∈ [ti, ti+1], which is the active duration for primitive p
if it is dynamic. Notably, for static primitives, their veloc-
ity vectors vp are approximately zero. Consequently, even
if their temporal support is stretched, the trajectory remains
valid as extrapolation beyond ti and ti+1 yields a consis-
tent static position. The training on these parameters will
be explained in Section 3.3.1. In experiments, we observe
that optimizing the pseudo mean and velocity components
as parameters is much easier than optimizing the four con-
trol points, even though they are mathematically equivalent.

3.3. Training Strategies
In this subsection, we introduce four complementary train-
ing strategies that jointly optimize our 4D representation to
enable rendering and interpolation at arbitrary frames.

3.3.1. Bidirectional Flow Trajectory Supervision
We leverage optical flow to establish coarse correspon-
dences between frames, which are used to supervise the
trajectory-related parameters of each primitive: its pseudo-
mean µ and velocity components v = (v1,v2,v3). These
parameters are optimized through backpropagated gradients
from the four control points defined in Equation (6) and
Equation (7). Consider supervision at frame ti, for prim-
itives whose temporal mean satisfies µτ = ti−1+ti

2 , i.e.,
the group temporally preceding ti (if any), we compute the
projected 3D flow from p2 to p1 and from p2 to p3 under
camera view c. These are treated as two-dimensional fea-
ture vectors to rasterize backward and forward flow maps,
which are supervised against the ground-truth optical flows
Fbwd

c,ti and Ffwd
c,ti via per-pixel losses. Similarly, for primi-

tives whose temporal mean satisfies µτ = ti+ti+1

2 , i.e., the
group temporally following ti (if any), we project 3D flow
from p1 to p2 and from p1 to p0, rasterize the flow maps,
and supervise them against Ffwd

c,ti and Fbwd
c,ti , respectively.

When rendering the flow maps, we divide the temporal
opacity by the corresponding στ (ti) because two sets of ac-
tive primitives are rendered separately at ti. This normal-
ization ensures that the combined contribution of dynamic
primitives remains approximately consistent with the origi-
nal temporal composition at ti and also recovers the correct
temporal opacity during the interval between input frames,

where the temporal opacity is approximately 1 for both dy-
namic and static primitives that are active.

Once the trajectory parameters stabilize during training,
we gradually reduce the flow supervision learning rate to-
ward zero, relying increasingly on RGB supervision for
fine-grained refinement of primitives.

3.3.2. Triple Rendering
Ideally, at the two adjacent intervals around any input frame
ti ∈ T , i.e., [ti−1, ti] and [ti, ti+1] (if any), primitives ac-
tive in that interval (including static primitives which span
more than one interval and the dynamic primitives active
only in that interval) should be able to explain frame ti
alone faithfully. However, in practice, we find that ren-
dering all primitives together reproduces the image at ti,
whereas each subset typically reconstructs different regions
with uneven coverage. As a result, rendering the subsets
individually leads to under-reconstruction in intermediate
frames (see Figure 5b). We propose a simple yet effec-
tive approach to address this issue. For each interior frame
ti ∈ {2, . . . , T − 1}, we render three images: one using
all primitives, and two using each set individually with the
same temporal opacity compensation as before. For the
boundary frames t1 and tT , where only one set of primi-
tives exists, we render a single image without opacity com-
pensation. All rendered images are supervised against the
ground-truth image at ti.

3.3.3. Dynamic Stretching and Periodic Relocation
As discussed in Section 3.2, to prevent redundant represen-
tation of static objects with multiple primitive sets, we pe-
riodically stretch the left and right temporal boundaries τl
and τr. Precisely, once training stabilizes, primitives with
µτ = ti+ti+1

2 search for their nearest neighbors in adjacent
intervals, i.e., those with µτ = ti−1+ti

2 and µτ = ti+1+ti+2

2
(if any). If the matched primitives have similar degree-0
Spherical Harmonics (base color) and near-zero velocity,
their τl and τr are stretched so that both span the union of
their original temporal ranges. After stretching, a primitive
is pruned with probability 1− 1

k+1 , where k is the number of
times other primitives match it. This encourages removing
redundant primitives whose content is now likely to be cov-
ered by stretched primitives. Through progressive stretch-
ing, the temporal extent of static primitives is extended until
motion occurs, at which point a new set of primitives fades
in to represent the dynamic region.

We adopt the MCMC strategy [12, 37] to our represen-
tation. Primitives with base opacity σ below a predefined
threshold are periodically moved to regions whose primi-
tives exhibit higher sampling scores, which is defined as

s =
σ

τl + τr
. (8)

Intuitively, it reweights the base opacity based on the tem-
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poral duration, encouraging relocation to dynamic regions.

3.3.4. Flow-Aware Initialization
To demonstrate the robustness of our method and achieve
efficient initialization, we use VGGT [33] without bun-
dle adjustment to estimate unrefined point clouds for each
frame ti ∈ T and align the point clouds from VGGT’s
world coordinate to the ground-truth camera coordinate sys-
tem. To obtain a reasonable initial estimate of the pa-
rameters for primitives temporally located midway between
two input frames, we proceed as follows. For each cam-
era ci ∈ C and frame ti, the points are projected onto the
image plane, where the 2D forward flows Ffwd

ci,ti and back-
ward flows Fbwd

ci,ti are bilinearly interpolated. The 2D flows
from all views are then back-projected to 3D and averaged
to estimate the forward and backward 3D flows. The av-
erage of them is used to initialize all velocity components
v = (v1,v2,v3). The pseudo mean µ for primitives be-
tween ti and ti+1 is approximated by displacing the points
at ti and ti+1 using the estimated velocity.

4. Experiments
4.1. Experiment Settings
Our implementation is based on PyTorch [26], and all ex-
periments are conducted on a single RTX 4090D GPU. Ad-
ditional details are provided in the supplementary materials.

Experimental Setup. Our dataset comprises 10 scenes
from the DNA-Rendering dataset [4] and 9 scenes we cap-
tured in-stage (denoted as the Stage-Capture Dataset). Each
17-frame clip features challenging conditions, including
changes in visibility, fast motion, intricate textures, highly
non-rigid deformation, and complex interactions. For quan-
titative evaluation, we train using all cameras and measure
performance against the held-out intermediate frame, us-
ing three key metrics: PSNR (pixel-level error); SSIM [38]
(perceptual similarity based on luminance, contrast, and
structure); and LPIPS [48] (deep features aligning with hu-
man perceptual judgment). Since stage data contains large
static background regions that can disproportionately in-
flate all metric scores for evaluating interpolated frames, we
compute PSNR and SSIM only within the foreground re-
gion and mask out the background when calculating LPIPS.

The DNA-Rendering dataset captures dynamic subjects
at 15 FPS using 60 4K/2K cameras. We use all its frames
for training and qualitative study. We also captured 9 new
scenes with 32 synchronous 4K RGB cameras at 22 FPS.
From these, we hold out every other frame, effectively using
11 FPS video clips for training. These held-out frames serve
as the ground truth for testing temporally interpolated novel
views, allowing us to quantitatively and qualitatively eval-
uate our method and compare against baselines. All data
is scaled to 1K resolution for fast training. These datasets
contain challenging scenes, such as dancing in a dress with

Table 1. Quantitative comparisons on the Stage-Capture
Dataset, focusing on the foreground region. Red and yellow
cell colors indicate the best and second-best results, respectively.

Method PSNR ↑ SSIM ↑ LPIPS ↓
Deform-GS [39] 28.45 0.867 0.0272
STGS [44] 25.34 0.825 0.0357
GaussianFlow [6] 25.91 0.825 0.0339
2D Lifting [28, 44] 28.79 0.886 0.0267

Ours 30.08 0.904 0.0225

intricate textures, taking off clothes where hand visibility
changes, waving sleeves that involve highly non-rigid mo-
tion, and kicking a rotating football, which demonstrates
complex interactions.

4.2. Comparison
We quantitatively compare our method against representa-
tive deformation-based [39] and 4D primitives-based [18]
methods. We also include GaussianFlow [6], which adds
optical flow supervision, and a baseline that lifts 2D video
interpolation by applying FILM [28] independently to each
view to reconstruct the middle frames using [18]. The re-
sults in Table 1 clearly demonstrate that our method outper-
forms all baselines across all three evaluation metrics.

The advantage of our method is more clearly illustrated
through qualitative comparisons. As shown in Figure 4,
we visualize the interpolated temporal novel views for five
different methods. Under large inter-frame displacements,
STGS [18] often produces noticeable ghosting artifacts,
as discussed in Section 1. Specifically, it tends to over-
fit the preceding and subsequent input frames, resulting in
overlapping semi-transparent regions for fast-moving parts,
such as the yellow sleeves, hands, and dolls

GaussianFlow [6], which introduces forward optical flow
supervision, alleviates this issue only marginally. Even
when trajectories satisfy flow constraints, moving primi-
tives toward other input frames interferes with those already
present, and RGB loss consequently drives στ to collapse
toward a single frame. Intuitively, the optimizer can assign
velocities that satisfy flow supervision while still shorten-
ing the primitives’ temporal support, since allowing them
to persist across frames increases the difficulty of match-
ing RGB signals. Therefore, compared with STGS [18], the
distance between overlapping objects is reduced, yet ghost-
ing remains visible in the three aforementioned regions.

The deformation-based method [39] enforces a single set
of primitives to represent all frames in a dynamic scene,
which allows it to capture a roughly correct global trajectory
compared with STGS [18]. Nevertheless, in regions with
fast motion, complex textures, or visibility changes, estab-
lishing detailed correspondences becomes challenging. As
shown in Figure 4, this method exhibits significant blur and
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Figure 4. Qualitative comparison. Results on DNA-Rendering Dataset [4] (w/o GT held-out views, left) and Stage-Capture Dataset (w/
GT held-out views, right). The red boxes show the corresponding zoomed-in views for detailed comparison.

distorted textures. In the bottom-right scene, where the fin-
gers dynamically emerge from the clothing, the method fails
to estimate even coarse correspondences, causing the hand
to split into two separate parts.

Independently lifting interpolated frames from each view
into 3D leads to both view and temporal inconsistencies. On
one hand, it can lead to ghosting or blurring artifacts, as evi-
denced by the faint yellow silhouette near the bottom of the
sleeve and the blurred texture on the dress in the left two
scenes in Figure 4. On the other hand, such inconsistencies
may also cause objects to be reconstructed at incorrect spa-
tial positions, e.g., in the right two scenes, the hands appear
too close to one of the adjacent input frames.

Our method enforces a single set of primitives to jointly
explain at least two frames while leveraging explicit trajec-
tory supervision, making it robust to challenging dynamic
scenarios. For instance, in the last scene where fingers dy-
namically appear, the method uses both flow and RGB in-
formation from the next frame to infer the position and ap-
pearance of fingers in the intermediate novel frame. There-
fore, it achieves faithful finger reconstruction even when the
fingers are visible in only one of the adjacent frames.

4.3. Ablation Study
We conduct quantitative ablation studies across all scenes
in our Stage-Capture Dataset using temporal novel views,
as summarized in Table 2. The results highlight the neces-
sity of each component in our framework. In addition, we
provide a qualitative analysis based on interpolated tempo-
ral novel views to further illustrate the role and importance
of these components.

Table 2. Quantitative ablation on the Stage-Capture Dataset,
focusing on the foreground region. Red and yellow cell colors
indicate the best and second-best results, respectively.

Method PSNR ↑ SSIM ↑ LPIPS ↓
w/o flow initialization 29.69 0.899 0.0227
w/o flow supervision 27.24 0.861 0.0282
w/o triple-rendering 27.16 0.849 0.0319
w/o dynamic stretching 28.81 0.886 0.0247
linear trajectory 28.50 0.884 0.0243

Ours 30.08 0.904 0.0225

Flow Supervision and Flow Initialization. We uti-
lize both forward and backward optical flows to establish
coarse correspondences for our representation. As shown
in Figure 5a, textures become noticeably distorted for fast-
moving objects when either flow supervision or flow-aware
initialization is omitted.

Triple Rendering. As discussed in Section 3.3.2, di-
rectly rendering all primitives in the input frames and super-
vising them with ground-truth RGB images, as in previous
works, leads to artifacts. Primitives from neighboring tem-
poral intervals jointly reconstruct the input frame but con-
tribute unevenly to spatial regions, resulting in inconsistent
reconstruction. As shown in Figure 5b, dynamic primitives
between t−1 and t miss the left sleeve texture, while those
between t and t+1 miss the right, even though their com-
bined rendering matches the ground truth at t. Our triple-
rendering strategy avoids this by requiring each primitive
set to explain its corresponding input frames independently.

Dynamic Stretching. We illustrate the effectiveness of
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(a) Ablation on flow initialization and supervision. (b) Ablation on triple rendering.
Figure 5. (5a) The texture is distorted when flow-related components are removed. (5b) Without triple rendering, the two adjacent primitive
groups each capture only part of the content in the input frames they jointly cover: the previous group reconstructs the right texture in the
circled region, while the next group reconstructs the left texture.

Figure 6. Ablation on dynamic stretching. The magenta is ren-
dered using static stretched primitives, and the teal is rendered us-
ing dynamic primitives (with static background removed).

our dynamic stretching in Figure 6 by rendering primitives
that span more than two frames in magenta and those that
span exactly two frames in teal (background removed for
clarity on static foreground objects). As shown, static re-
gions such as the table, the doll, the lower half of the lug-
gage, and the legs appear in magenta, while the upper body
and the top half of the luggage, corresponding to the mov-
ing regions, are rendered in teal. Because our MCMC-
based density control [12, 37] constrains the total number
of Gaussians, dynamic stretching causes the periodic re-
location strategy to allocate more primitives to harder-to-
reconstruct moving regions, which improves reconstruction
quality in dynamic areas. An analysis of the resulting re-
duction in the effective number of primitives is provided in
the supplementary material.

Spline Trajectory. Switching from linear to a spline tra-
jectory produces smoother primitive motion between input
frames and avoids abrupt velocity changes when transition-
ing between dynamic primitive segments. As shown in Fig-
ure 7, the difference heatmap between the ground-truth and
interpolated frame highlights pronounced edge errors on the
circular moving part under the linear trajectory, which are
substantially reduced using the spline trajectory.

Figure 7. Ablation on spline trajectory. Without spline trajec-
tories, the error heatmap highlights larger errors along the bear’s
edges due to imprecise piecewise linear motion.

5. Conclusion
We introduce RetimeGS, a novel 4DGS representation with
tailored training strategies that enable continuous-time re-
construction and rendering at arbitrary timestamps. We
identify the drawbacks of the two dominant 4D represen-
tation paradigms and propose a new temporal opacity for-
mulation and a spatial mean design accordingly, which ad-
dress their limitations and integrate the strengths of both
approaches. In addition, we propose several essential train-
ing strategies, including bidirectional flow trajectory super-
vision, triple rendering, dynamic stretching, periodic relo-
cation, and flow-aware initialization, all of which are criti-
cal for optimizing our representation. Experiments on low-
frame-rate datasets with challenging scenarios demonstrate
that RetimeGS achieves high-quality continuous interpola-
tion between input frames.

Our method exhibits limitations when applied to videos
captured at extremely low frame rates due to the inherent
constraints of optical flow. In such cases, significant inter-
frame discrepancies reduce the task to a 4D variant of multi-
start-end frame interpolation. Addressing this challenge re-
mains an area for future work. We provide further discus-
sion of limitations and future directions in the appendix.
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RetimeGS: Continuous-Time Reconstruction of 4D Gaussian Splatting

Supplementary Material

A. Hyperparameter Settings
The implementation adopts the hyperparameter configura-
tions recommended by gsplat library [45]. Opacity regu-
larization and scale regularization are enabled to encourage
primitives to maintain low opacity and compact scale, with
corresponding weights set to 0.01 and 0.1, respectively. The
temporal opacity hyperparameter γ is set to 0.005 to pro-
mote a short-tail distribution. The MCMC strategy [12]
relocates primitives every 100 iterations using a minimum
opacity threshold of 0.01. The flow learning rate is initial-
ized at 0.5 and decays exponentially toward 1× 10−6 after
12,000 iterations. For all Gaussian properties, we apply an
exponential decay to the learning rates after 18,000 itera-
tions to encourage stable convergence at the end of training.
Additionally, dynamic stretching is applied every 3,000 it-
erations to adjust the temporal durations of the primitives.
All scenes are trained for a total of 20,000 iterations.

B. More Discussion of Limitations
As noted in Section 5, our method fails when the inter-
frame motion is excessively large or when videos are cap-
tured at extremely low frame rates, causing off-the-shelf op-
tical flow estimators to become unreliable for establishing
coarse correspondences. As shown in Figure 8, in the fast-
dancing sequence from the DNA-Rendering dataset [4], we
reduce the frame rate to 7.5, effectively halving the origi-
nal FPS. While our algorithm faithfully reconstructs frames
i and i + 1, where ground-truth supervision is available,
the interpolated intermediate frame at i + 0.5 exhibits no-
ticeable artifacts due to the unreliable motion cues, which
incorrectly associate part of the front leg in frame i with the
back leg in frame i+1. A similar issue appears in our Stage-
Capture dataset, where reducing the frame rate to approxi-
mately 7.33 leads to visible artifacts around the hand region
in the intermediate frame at i+ 0.33. In practice, both FPS
and physical motion speed contribute to inter-frame motion.
Empirically, we find that for 1K videos, our method handles
inter-frame motion up to around 50 pixels. A promising di-
rection for future work is to incorporate stronger motion pri-
ors or adopt alternative 4D representations that can robustly
operate under such conditions, effectively treating the task
as a 4D multi-frame start-end interpolation problem.

At discrete input frames, although we independently su-
pervise adjacent sets of dynamic primitives with the ground
truth to enforce consistency and smoothly transition their
temporal opacity, their inherently disjoint nature can still
cause slight flickering artifacts. Addressing this with a uni-
fied 4D representation remains future work.

Figure 8. Failure case under extremely low capture FPS.
Our method struggles to interpolate intermediate frames when the
inter-frame motion becomes too large due to low temporal sam-
pling or large motion.

C. More Experiment Results
C.1. Per Scene Breakdown
In Table 3, we provide the per-scene breakdown of the quan-
titative results on the Stage-Capture Dataset.

C.2. Video-Based Slow-Motion Comparison
The effectiveness of our method is clearly observed from
the videos on the project page, where for each pair of in-
put frames we interpolate 29 intermediate frames, slowing
down the motion so that artifacts produced by other meth-
ods become more apparent and are otherwise difficult to
capture in quantitative tables and qualitative static images.

In videos on the project page, all baseline methods, in-
cluding 4D primitive–based approaches (with or without
forward optical flow) [6, 18] and the 2D-to-3D lifted in-
terpolation method [28], produce noticeable ghosting arti-
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Table 3. Per-scene quantitative comparisons on the Stage-Capture Dataset (foreground region). Higher PSNR/SSIM and lower LPIPS
are better.

Scenes Avg.
Method Bear Doll Undress Open Case Pass Doll Pickup Doll Pack Computer Stretch Walk

PSNR ↑
Deform-GS [39] 29.91 27.21 29.46 29.99 27.87 28.30 29.96 25.81 27.56 28.45
STGS [44] 22.96 23.49 28.41 29.09 24.07 23.44 28.75 23.42 24.46 25.34
GaussianFlow [6] 24.53 24.48 28.58 28.87 25.11 24.67 28.71 23.88 24.38 25.91
2D Lifting [28, 44] 28.60 26.60 30.23 31.16 27.97 28.37 30.09 27.21 28.82 28.79
Ours 31.27 27.99 30.30 30.54 29.89 30.64 30.17 29.96 29.99 30.08

SSIM ↑
Deform-GS [39] 0.877 0.872 0.845 0.897 0.831 0.873 0.900 0.861 0.849 0.867
STGS [44] 0.817 0.820 0.831 0.890 0.780 0.818 0.883 0.811 0.778 0.825
GaussianFlow [6] 0.824 0.826 0.833 0.887 0.789 0.827 0.884 0.806 0.753 0.825
2D Lifting [28, 44] 0.880 0.875 0.875 0.916 0.859 0.891 0.907 0.888 0.878 0.886
Ours 0.905 0.899 0.878 0.914 0.877 0.912 0.912 0.925 0.911 0.904

LPIPS ↓
Deform-GS [39] 0.0329 0.0221 0.0347 0.0213 0.0481 0.0302 0.0148 0.0239 0.0171 0.0272
STGS [44] 0.0435 0.0303 0.0368 0.0235 0.0658 0.0449 0.0179 0.0337 0.0247 0.0357
GaussianFlow [6] 0.0411 0.0287 0.0362 0.0231 0.0601 0.0411 0.0176 0.0309 0.0259 0.0339
2D Lifting [28, 44] 0.0335 0.0229 0.0313 0.0190 0.0488 0.0298 0.0155 0.0228 0.0171 0.0267
Ours 0.0300 0.0197 0.0323 0.0190 0.0419 0.0210 0.0157 0.0118 0.0110 0.0225

facts for unseen temporal novel frames, especially in re-
gions with large motion. For the 4D primitive–based meth-
ods [6, 18], these artifacts appear in all frames except those
with input ground-truth supervision. For the 2D interpola-
tion–to–3D method [28], ghosting occurs in all frames ex-
cept the input-supervised frames and the directly interpo-
lated middle frames. It is worth noting that in regions with
small motion, these methods can indeed recover the cor-
rect primitive trajectories, as shown in several prior works.
In some cases, because 2D interpolation effectively reduces
the apparent inter-frame motion, the ghosting artifacts in
unseen frames are also reduced, though not fully eliminated.

For the deformation-based method [39], as discussed
in Section 4.2, using a single set of primitives to repre-
sent all frames in a dynamic scene enables it to capture a
roughly correct global trajectory compared to STGS [18].
Nevertheless, in regions with fast motion, complex textures,
or visibility changes, establishing detailed correspondences
becomes challenging. As a result, we often observe parts of
the scene being mapped to incorrect corresponding regions,
leading to erroneous trajectories. Moreover, because the
method relies solely on RGB cues to infer correspondences,
resolving fine-grained textures becomes difficult, causing
many detailed regions to appear blurry or distorted. This
limitation can be observed in scenes where the intermediate
frames appear visually correct overall but still achieve poor
quantitative performance, as shown in Table 3, such as the

Open Case scene.

C.3. Video-Based Trajectory Comparison
As discussed in Section 4.3, using a spline trajectory pro-
duces smoother results than using a linear trajectory. In ad-
dition to the quantitative results shown in Table 2, we in-
clude a video comparison on the project page featuring a
circular motion, which clearly reveals the piecewise-linear
artifacts that appear when the spline design is omitted.

C.4. Additional Analysis of Dynamic Stretching
We discussed the benefits of introducing dynamic stretch-
ing in Section 3.3.3: it prevents redundant representations
of static objects across multiple primitive sets and allows
more primitives to be allocated to dynamic regions. In ad-
dition, stretching the duration of static primitives offers an-
other important advantage. Static regions that are covered
by fewer camera views, and would therefore receive only
sparse training signals, can instead accumulate supervision
across multiple timesteps. This effectively increases their
training signals, reduces flickering artifacts, and leads to
more stable training.

In the main paper, Figure 6 provides a qualitative visu-
alization of the automatically detected static and dynamic
components. Here, we additionally present a quantitative
analysis of this primitive reduction using an example scene
(Figure 10) from the DNA-Rendering Dataset [4]. Train-
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Table 4. Quantitative results on the Stage-Capture dataset, includ-
ing the Ex4DGS baseline.

Method PSNR↑ SSIM↑ LPIPS↓
Deform-GS [39] 28.45 0.867 0.0272
STGS [44] 25.34 0.825 0.0357
GaussianFlow [6] 25.91 0.825 0.0339
Ex4DGS [15] 25.95 0.811 0.0379
2D Lifting [28, 44] 28.79 0.886 0.0267

Ours 30.08 0.904 0.0225

ing under a 1M primitive budget with our modified MCMC
strategy, we find that approximately 88K primitives (9% of
the total) are static Gaussians that span multiple frames.
This brings the “temporal sum” of active Gaussians (i.e.,
the sum of all Gaussian temporal durations) to approxi-
mately 2.26M. Therefore, by applying dynamic stretching,
our method reduces the effective number of primitives by a
factor of 2.26×.

C.5. Video Results for Full Ablation Study
On the project page, we additionally provide slow-motion
playback videos for the remaining ablation experiments.

C.6. Additional Comparison with Ex4DGS
Since Ex4DGS [15] also explicitly models temporal opacity
and interpolates motion, we include it as another baseline
among 4D primitive-based methods. Ex4DGS parameter-
izes temporal opacity as a constant window with Gaussian
fall-offs at the boundaries while interpolating motion pa-
rameters across keyframes. Crucially, it leaves this temporal
opacity unregularized. Consequently, the Gaussian fall-offs
can become excessively narrow and close together, leading
to severe overfitting when temporal signals are sparse. We
quantitatively outperform Ex4DGS on the Stage-Capture
dataset (Table 4) and qualitatively demonstrate that it suf-
fers from ghosting artifacts similar to those in STGS [18]
in the next subsection (Figure 9). Note that we evaluate
Ex4DGS directly using its public codebase, unlike STGS
and Deform-GS [39], which benefit from integration into
our framework with the MCMC strategy [12].

C.7. Results on Neural3DV Dataset
Because our method regularizes temporal opacity, its be-
havior in scenes with rapidly changing opacity, such as fire,
warrants discussion. Furthermore, to evaluate its general-
ization as a general reconstruction method, we test it on
non-stage-captured data. Specifically, we compare our ap-
proach against the main paper baselines and Ex4DGS [15]
introduced in the previous section on the Flame Steak and
Flame Salmon sequences from Neural3DV [17], which fea-
ture both complex opacity changes and non-stage environ-

Table 5. Quantitative evaluation on the Flame Steak and Flame
Salmon scenes from the Neural3DV dataset.

Method PSNR↑ SSIM↑ LPIPS↓
Deform-GS [39] 31.79 0.952 0.081
STGS [44] 32.52 0.959 0.079
GaussianFlow [6] 31.89 0.957 0.082
Ex4DGS [15] 31.06 0.919 0.094
2D Lifting [28, 44] 33.17 0.960 0.080

Ours 33.22 0.959 0.074

ments. Following our standard protocol, we subsample the
videos to 1/10th of their original frame rate (from 30 FPS
to 3 FPS), train using all cameras, and evaluate on all held-
out temporal novel frames, per our setting. As shown in
Figure 9, although our method is not explicitly designed
for rapidly changing opacity, it performs reasonably well
on fire scenes and generalizes effectively. Table 5 provides
the quantitative results; however, because these scenes are
largely static, we believe the qualitative differences to be
more revealing than the numerical metrics.

C.8. Discussion on Improved Optical Flow Quality
Our method is robust to small errors in the pseudo-GT
and sometimes even improves upon it, likely by leveraging
multi-view information. As shown in Figure 10, we observe
improvements on fine-grained details, such as the hat tas-
sel and the edges of the dress decorations, which are often
blurry or inaccurate in the pseudo-ground truth estimations.

Figure 10. Comparison on rendered and pseudo-GT flow map.

C.9. Ablations on Other Optical Flow Methods
Although our method exhibits robustness to small errors in
the pseudo-ground-truth, the quality of the initial pseudo-
GT remains critical, as it provides the essential rough cor-
respondences. Without sufficiently accurate initialization,
optimization tends to become trapped in poor local minima.
To investigate this, we conduct an ablation study by replac-
ing our default flow estimator with the off-the-shelf SEA-
RAFT [36] for bidirectional flow supervision. Quantitative
results are reported in Table 6.

C.10. Memory and Training Time Footprint
Although only a single rendering pass is required during
inference, the triple rendering and flow supervision in our
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Figure 9. Qualitative comparison on Neural3DV: Scene with fire (rapid opacity changes) and non-stage-capture setting.

Table 6. Ablation study on flow supervision: comparison of
WAFT [35] and SEA-RAFT [36] as optical flow supervision mod-
ules.

Method PSNR↑ SSIM↑ LPIPS↓
WAFT [35] 30.08 0.904 0.0225
SEA-RAFT [36] 29.73 0.898 0.0253

method increase training overhead. We report the aver-
age training efficiency and peak GPU memory usage on
the DNA-Rendering Dataset [4]. Because our MCMC strat-
egy maintains a fixed total primitive count, we compare our
approach against STGS [18] under a shared budget of 1M
primitives. We chose this baseline because both methods
allow primitives to dynamically appear and disappear over
time, unlike deformation-based methods where all prim-
itives persist across all frames (which typically requires
fewer total primitives).

Table 7. Comparison of training efficiency and peak GPU memory
under a shared budget of 1M primitives.

Method Training Time (s) Peak Memory (GB)

STGS [18] 1406.8 2.47
Ours 3794.3 3.14
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