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Abstract. Novel-view synthesis of dynamic scenes, crucial for AR/VR
applications, remains a challenging problem. Recent methods adapt rep-
resentations like 3D Gaussian Splatting (3DGS) and Neural Radiance
Fields (NeRF) for dynamic scenes by incorporating time as the fourth di-
mension (4D representations). These 4D representations still suffer from
aliasing artifacts, especially when generating novel views from divergent
viewpoints (zoom-in/zoom-out operations). While using 3D smoothing
filters like those proposed in Mip-Splatting might seem like a possible so-
lution, they fail to account for local motion and also exhibit aliasing. To
address this, we propose a motion-aware 3D smoothing filter specifically
designed for 4D representations. Our approach adapts the filter strength
based on local motion information, effectively mitigating aliasing without
compromising rendering quality. This is achieved by estimating the joint
density function of time and focal-to-depth ratio using a non-parametric
estimation method. During inference, we sample from this joint distribu-
tion to determine the appropriate smoothing filter. This flexible strategy
can be integrated with various 4D representations. Our evaluations on
standard datasets demonstrate superior performance compared to state-
of-the-art methods.

1 Introduction

Learning the radiance field [40] of a scene from multi-view RGB images en-
ables numerous applications, including novel-view synthesis (NVS) [1,[2}8],28./41],
3D reconstruction [16,/17], mixed reality [21], and robotics [50,/56]. Generating
novel views of dynamic scenes from multi-view camera observations holds im-
mense potential for creating immersive experiences from everyday video record-
ings [14]. However, it is very challenging. Traditional NVS methods relied on im-
plicit [1,2l/40] or grid-based [3l13l{41] representations, often employing ray-tracing
and volumetric rendering. More recently, explicit primitive-based representations
have become popular. In particular, 3D Gaussian Splatting (3DGS) [28] utilizes a
differentiable rendering pipeline based on Gaussian splat rasterization, achieving
real-time rendering of 1080p images on commercial GPUs.

To model dynamic scenes, extensions of NeRF and 3DGS employ the concept
of deformation fields and canonical representations [18//19}/33\36./46l/47,64]. Alter-
native methods decompose the 4D scene into 3D projections of spatial-temporal
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(a) Input Images

(b) Novel Views (Ours)

(c) Zoomed in regions (d) Novel Views (SaRO-GS)

Fig. 1: We compare novel view synthesis results from our method (b) with SARO-GS
(d), focusing on both dynamic regions (e.g., hand movements, cooking actions) and
static regions (e.g., bottles, background). The zoomed-in regions (c) highlight that our
method produces sharper details and fewer artifacts, demonstrating superior synthesis

quality in motion and static areas.

and spatial-only 3D representations [4,12,[35/49/[59,/63], subsequently combining

these reduced features to model the
3DGS representation to 4D Gaus-

sians , directly optimiz-

ing them. However, in Fig. [2]

all these representations exhibit

limitations, notably aliasing ar-

tifacts when rendered from di-

vergent viewpoints, which hin-

ders accurate representation of

dynamic scenes.

Recent work, Mip-Splatting ,
addresses the challenge of diver-
gence in the novel-view view-
points from training viewpoints
(zoom-in and zoom-out opera-
tions) for static scenes. Specifi-
cally, it determines the maximum
sampling interval for each Gaus-
sian primitive and restricts the
maximum frequency of the 3D
representation by applying a low-
pass filter to satisfy the Nyquist
criterion . While demonstrat-
ing impressive results for static

dynamic regions. Other methods extend the
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Fig. 2: We trained all models on training views
with a resolution of 1352 x 1014 and rendered
outputs by adjusting the focal length. Existing
4D representations exhibit significant artifacts
during zoom-in and zoom-out operations. Ap-
plying static anti-aliasing filters, such as Mip-
Splatting , is also ineffective as motion in
the scene leads to incorrect filter estimation and
persistent artifacts.

scenes, this methodology exhibits limitations for dynamic scene representations
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(See Fig. . A primary reason for this limitation is that the band-limited filter
lacks motion awareness, failing to account for temporal changes in the scene.
Consequently, we propose a motion-aware strategy to determine the maximum
sampling interval, thereby enabling accurate rendering for dynamic scenes.

To mitigate aliasing artifacts observed in dynamic scenes, we first analyze the
temporal distribution of the sampling interval to derive a motion-aware smooth-
ing filter. We found that directly estimating the sampling interval at each times-
tamp led to noisy estimates due to temporal abruptness. To address this, we
propose learning the joint distribution of discrete time and the focal-length-to-
depth ratio for each Gaussian primitive. We employ a non-parametric estimation
technique: the Parzen Window kernel density estimation method, to learn this
joint distribution from accumulated data points. This also makes the estimates
smoother compared to the trivial solution. During inference, we sample the most
probable value from this learned distribution. Overall, this strategy makes the
sampling interval estimation motion-aware and enables the design of a motion-
aware smoothing filter for these 4D representations. Our main contributions are
as follows:

— We introduce a motion-aware smoothing filter that resolves the aliasing ar-
tifacts in the 4D representations.

— We demonstrate the efficacy of our method in challenging real-world datasets |31}
46| and a synthetic dataset [47].

— Our modifications are invariant of the 4D representation and can be plugged
in with other representations as well.

2 Related Work

Novel View Synthesis. With the advancement in neural rendering steered by
Neural Radiance Fields (NeRF) [40], the task of novel-view synthesis has gained a
lot of popularity. NeRF utilizes volumetric rendering and optimizes a multi-layer
perception (MLP) to learn the radiance field of a scene. This approach is com-
putationally expensive. To accelerate training and rendering speed subsequent
works makes use of hash grids [41], voxel grids [13,/52], point-based methods [62]
and depth supervision [6]. Further, this representation is extended to solve dif-
ferent tasks such as large-scale scenes [48][60], text-to-3D generation [53}[57],
hierarchical scenes [8] and editing tasks [9,25}/66].

3DGS |28 models scenes as a mixture of 3D Gaussians that are projected as
2D splats and rasterized using alpha blending to get the projected image. Com-
pared to NeRF based approaches, 3DGS enables high-quality rendering in real-
time. Subsequent works have improved over this representation by introducing
a hierarchical structure [37], generalizable exponential functions |20]. Further,
other works have focused on improving rendering quality [24},|65], accelerated
rendering |11}/15], memory optimization [42}/45], better initialization [26,29}44|
and overall training time |7,|15}22}39].
Dynamic Scenes. To model dynamic scenes, NeRF based methods [18}[36]
46,47] model a scene as a canonical scene and a deformed scene and then use
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Fig. 3: Consider a 4D signal (represented as a 2D signal in (a)). Its different projections
at timestamps ¢1,t2 & t3, form 3D signals (represented as 1D signals in (b), (c), and
(d), respectively). These continuous 3D signals are modeled by 3D Gaussian primitives.
When observed by multiple cameras at each timestamp, these primitives are band-
limited by different sampling intervals. Hence, it is essential to design a motion-aware
low-pass filter for dynamic scenes.

deformation field network to model the relationship between static canonical
space and the deformed points. In contrast, [44]12,[35,/49,/55] decomposes the 4D
space into set of planes or hash-grids to effectively model the spatio-temporal
relations. However, these approaches require dense sampling and suffer from
same issue as the static scene counterparts such as low rendering speed.

Building on 3DGS, recent methods extend to dynamic scenes. Dynamic 3D
Gaussians [38] model a dynamic scene as a collection of moving and rotat-
ing Gaussians frame by frame. 4DGS [59| utilizes Hex-planes to model the
changes in Gaussian primitives over time. Other methods [19,|33/64] utilize a
time-conditioned deformation network to wrap a canonical set of Gaussians into
each timeframe. These methods fail to handle scenarios with significant motion
and often suffer from artifacts such as object appearances/disappearances. Fur-
ther works [5|10,127] extend 3D Gaussians across space-time, i.e. means and
covariances of Gaussian primitives are in 4D. Other works [5}27,/51] attempt
the challenging task of novel-view synthesis of casual monocular videos for dy-
namic scenes. In comparison, our work addresses the aliasing artifacts in these
representations.

Aliasing in Radiance Field Methods. Earlier NeRF-based [1H3}[23L|68] ap-
proaches used pre-filtering to mitigate aliasing, but these methods do not ex-
tend to 3DGS representations. EWA splatting [69] filters 2D Gaussians in screen
space, but this rendering-time filter is prone to the choice of filter size. Con-
versely, Mip-Splatting [65] designs a 3D filter during optimization, allowing alias-
free rendering at different scales, but this fails for dynamic scenes. In contrast,
we propose applying a 3D band-limited filter based on the Gaussian primitive’s
motion.

3 Preliminaries

In this section, we provide a brief overview of 3D Gaussian Splatting (3DGS) [28|
and a recent dynamic representation SARO-GS [63]. We then discuss Mip-
Splatting [65], an anti-aliasing 3D filter for static scenes.
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3.1 3D Gaussian Splatting

3DGS 28] represents scene geometry using a collection of 3D Gaussian primitives
and each primitive is defined as:

G(z) = o3 (@) T (@—p) (1)

where p is the center position and Y is an anisotropic covariance matrix. A com-
bination of rotational R and scaling S transformations, represented as RSST RT
constructs the covariance matrix, guaranteeing that it is positive semi-definite.
Each Gaussian primitive has an opacity value o, and spherical harmonic coef-
ficients to represent a view-dependent color. During rendering, Gaussians are
projected as 2D splats, sorted by depth, and combined with « blending using a
tile-based rasterizer. The resulting pixel color C, is determined by:

i—1

C(z) = Zciai H (1-0j), o0;=0aG;(z) (2)

j=1

where 7’ is the queried pixel, c; is the color of the i-th Gaussian, «; is the learned
opacity for the i-th Gaussian, and G} (2’) is the 2D projection of the Gaussian
at pixel z’.

3.2 Dynamic Representations using 3DGS

We choose SARO-GS [63] as the base 4D representation. SARO-GS models a
dynamic scene using a set of 4D Gaussian primitives, G*P, and a Scale-aware
Residual Field, M. Each 4D Gaussian G*P is parameterized by a 4D location
p*P = (u,7) and other attributes covariance 4P color ¢*P and opacity o*?.
Here, M is a lightweight MLP that encodes the spatio-temporal variation of the
scene: for every primitive it predicts a time-dependent residual to its attributes.
Concretely, the 4D Gaussian primitives are first projected into 3D space at the
initial time tg. Then, M is queried at a given time-stamp ¢ to obtain resid-
ual features, which are added to the projected 3D Gaussian primitives before
rasterization using Eq. 2] The final loss is given as follows:

L=(1-M)L1+MLp ss1m + ALsR (3)

where £1 and Lp_ssry are the standard photometric losses used in 3DGS [28],
computed between the ground-truth and the rasterized image, and Lgg is the
regularization term on the scaling residuals introduced by SARO-GS [63].

3.3 Anti-aliasing filter for 3DGS

Mip-Splatting [65] builds upon the principle that image resolution, camera focal
length, and scene depth define the effective sampling rate for 3D scene recon-
struction from multi-view images. Their major insight is that primitive smaller
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Algorithm 1 Motion-Aware Sampling Rate Estimation (per Gaussian primi-
tive)

Require: Observations {(t;,x;)}/=1, ¥; = f;/d; (empty slots flagged by t; < 0);
bandwidths k., hi; Weibull shape k, scale \; grid sizes D, T
Ensure: Sampling rate ©(t) for a query time ¢

1: Kernels: Ky (u) = %(%)k_le_(“/k)k]l[u >0], K4(u)= \/%6_“2/2
2: vj + 1[t; > 0] {mask empty observation slots}

3! Zmax ¢ Max; vj Tj; Tj < Tj/Tmax {normalize f/d to [0, 1] per primitive}
4: ¢g* < Linspacgi(0,1, D); ¢* < Linspaci(0,1,T) {query grids}

5: for d=1to D do

6: fors=1toT do . .

7: pld, 8] gt S0, v; Kw(gd%f) Kg(gsh—jf) {joint KDE}
8: end for

9: end for

10: Inference at a query time t:

11:  s* + argmin; |gt — t| {nearest time grid point}

12:  d* « argmaxq p[d, s*] {mode of the conditional density p[-, s*]}
13:  D(t) < Tmax - g4« {rescale to f/d units}

than twice the world-space sampling interval T can introduce aliasing, where
T= 4 where d is distance from the camera and f is the focal length of the cam-
era. To mitigate this, they approximate the depth-dependent sampling rate for
each primitive based on its center and camera visibility and is given by following:

9y = max ({nm) ~ j;}N_> (1)

where N is the total number of images, 1,(p) is an indicator function that
assesses the visibility of a primitive. Then, they apply a Gaussian low-pass filter
Glow to a 3D Gaussian primitive Gy before projecting it onto screen space:

gk(x)rcg = (gk (24 glow)(x) (5)

Result of convolving two Gaussians is a Gaussian and is given by:

_ | Xk L (x=) T (Znt 1) (x—p)
gk(X)reg = |Ek T i ] Il e k (6)

S

where s controls the size of the filter. Note that > is different for each Gaussian

primitive and remains constant post-training.

4 Proposed Method

Aliasing in Dynamic Representations Fig. [2| demonstrates the aliasing
artifacts present in these 4D representations. After training 4D representations
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on input views, we perform zoom-in and zoom-out operations. During zoom-in,
4DGS [59], SARO-GS [63], and Grid4D [61] suffer from disappearing primitives
in both dynamic and static regions. During zoom-out, these methods produce
noticeable aliasing. For example, in Grid4D, the human merges with the wall,
and SARO-GS misses fine floor details. These results indicate that aliasing occurs
in 4D representations when novel-view camera viewpoints deviate significantly
from the training data.

Limitations of Static Anti-Aliasing Filters Aliasing artifacts pose a signif-
icant challenge in reconstructing dynamic scenes with dynamic representations,
particularly in areas of motion (Fig. .
While Mip-Splatting [65] effectively
addresses aliasing in static scenes by
introducing a low-pass filter, it proves
ineffective for dynamic scenarios, as
evidenced by the results for “SARO-
GS + Mip-Splatting” in Fig.
Therefore, we propose a motion-aware
smoothing filter tailored for dynamic
scene reconstruction.

7/d vs Timestamp (Static vs Dynamic)

000450

000425

000400

000325

000300

000275

00 02 04 05 08 To
Timestamp

Analysis of Static and Dynamic
Gaussian primitives. Analysis of
the sampling rate (f/d) distribution
over time reveals key insights for dy-
namic scenes. As presented in Fig. [4]
for the “cook-spinach” scene from the

Fig. 4: Analysis of the sampling rate f/d
over time for the “cook-spinach” scene from
the Plenoptic Video dataset [31]. Static
primitives maintain a nearly constant f/d,
whereas dynamic primitives vary substan-
tially over time, as motion changes their

Plenoptic Video dataset [31], static
regions exhibit a consistently stable
distribution, as expected. In contrast,

depth. We detail how static and dynamic
primitives are identified in the supplemen-
tary material.

dynamic regions show significant tem-
poral variation, demonstrating that a
single, static smoothing filter is inadequate and results in artifacts (Fig. . This
observation directly motivates the design of our motion-aware smoothing filter.

Necessity of Time-Varying Sampling Rates. Fig. |3 illustrates the chal-
lenge of estimating sampling intervals for dynamic scenes. Unlike static scenes,
dynamic scenes are continuous 4D signals. While Mip-Splatting can provide an
overall estimate of the maximal sampling rate for this 4D signal, a single value
is insufficient. Since each timestamp ¢ yields a unique 3D projection of the 4D
signal, it is necessary to determine a separate maximal sampling rate for each
projection. Therefore, we propose a novel method to estimate the maximal sam-
pling interval for a timestamp. We emphasize that here “sampling rate” denotes
the spatial sampling requirement f/d of a primitive at a given timestamp. Al-
though the video timestamps are fixed, a primitive’s depth changes with motion,
which makes its f/d time-varying. Our method thus computes a separate maxi-
mal sampling rate for each spatio-temporal projection of the 4D signal, allowing
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4DRotorGS Spacetime-GS

Fig.5: Single-Scale Training and Multi-Scale Evaluation on Plenoptic
Video dataset. All baseline methods and our approach were trained at a res-
olution downscaled by a factor of 4, while novel views are evaluated at the original.
We provide zoomed-in regions highlighted by green boxes. Notice that the fine details
of the martini (Row 3) being poured into the glass are not preserved in any baseline
method, whereas our method successfully retains this detail.

the anti-aliasing filter to adapt per primitive and per timestep while satisfying
the Nyquist criterion.

Motion-Aware Smoothing Filter We assume that f/d is sampled from a
distribution X and ¢ is sampled from a distribution 7. We do not know the
underlying distribution of these variables and want to estimate the joint den-
sity function P(X,T). Hence, we utilize the Parzen window density estimation
method to estimate the density function P(X, T). Parzen window methods yield
smooth and continuous density estimates, in contrast to histograms which are
discontinuous and sensitive to bin size. We choose following kernel functions:

X ~ Weibull(k,\) T ~N(ur,o2) (7)

We assume a Weibull distribution because, for & > 1, it becomes biased to-
ward maximum values. This aligns with Eq. [d where the sampling rate for each
primitive is defined as the maximum of all entries.

With these assumptions, we now describe our method. First, for each Gaus-
n
sian primitive k we create data {(ti, dL)} by projecting primitives at every

time stamp for all the training views. To make the estimate invariant to the abso-
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PSNR 1 SSIM 1 LPIPS |

1x Res. 2x Res. 4x Res. Avg. [1x Res. 2x Res. 4x Res. Avg. [1x Res.2x Res. 4x Res. Avg.
SARO-GS [63] 32.75 29.40 27.40 29.85| 0.956 0.913 0.884 0.918 0.086 0.167 0.234 0.160
Spacetime-GS 32| | 32.50 29.20 27.09 29.60| 0.957 0.918 0.892 0.922| 0.087 0.169 0.232 0.163
4DGS |59 31.46  28.30 26.36 28.71| 0.946 0.901 0.881 0.909| 0.095 0.177 0.230 0.167
4DRotorGS [10] 3229  29.60 29.10 30.33| 0.951 0.920 0.877 0.916] 0.092 0.187 = 0.212 0.162
Grid4D [61] 31.03  28.13 26.64 28.60| 0.799 0.773 0.765 0.779| 0.095 0.177 0.234 0.169
Ours 32.52  30.75 29.79 31.01] 0.952 0.925 0.903 0.926| 0.089 0.162 0.216 0.155

Table 1: Single-Scale Training and Multi-Scale Evaluation on the Plenop-
tic Video Dataset [31]. All methods are trained at the smallest scale (1x) that is
676x507 and evaluated across multiple scales (1x, 2x, and 4x ), where increasing reso-
lution simulates zoom-in effects. While our approach performs comparably to existing
methods at the training resolution (1x), it demonstrates superior fidelity across all
other scales, significantly outperforming prior work.

PSNR 1 SSIM 1 LPIPS |
1x Res. 2x Res. 4x Res. Avg.|1x Res. 2x Res. 4x Res. Avg. [1x Res. 2x Res. 4x Res. Avg.
Deformable3DGS [64] | 39.57 30.09 27.30 32.32| 0.989 0.957 0.934 0.960 0.008 0.034 0.061 0.034

SARO-GS (63| 36.61  29.59 27.15 31.12] 0.982 0.952 0.931 04955‘ 0.015 0.040 0.064 0.039
4DGS |59 35.65 28.03 25.58 29.75| 0.987 0.958 0.937 0.960 0.012 0.035 0.059 0.035
4DRotorGS |10 3217 26.77  24.84 27.92| 0.965 0.931 0.919 0938‘ 0.024 0.050 0.075 0.050
Grid4D |61] 40.30 30.07 28.54 32.97| 0.990 0.956 0.933 0.960 0.007 0.035 0.062 0.035
GauFRe |34 34.05  27.59 25.12 28.92| 0.981 0.951 0.928 0.953| 0.025 0.058 0.079 0.054

Ours 37.10 | 34.05 32:36 34.50| 0.982 | 0.972 0.960 0.971| 0.017 | 0.033 0.054 0.035

Table 2: Single-Scale Training and Multi-Scale Evaluation on the Synthetic
Dataset [47]. All methods are trained on the smallest scale (1x) that is 200x200
and evaluated across mutliple scales (1x, 2x, and 4x), where increasing resolution
simulates zoom-in effects. Our approach outperforms baselines across all other scales.

lute scale of each primitive’s sampling rate, we normalize its f/d values by their
per-primitive maximum z,.x so that they lie in [0, 1], and define the density
grids over [0, 1]; the value recovered at inference is rescaled by .y to return to
f/d units. Then, we estimate the joint density function Py (X, T) for each Gaus-
sian primitive. We describe the algorithm in more detail in Algorithm [} To find
the value of f/d given a specific ¢, we determine it maximizing the conditional
density P(X|T = t). Specifically, we extract the estimated density values for a
specific t; Px(X,T = t) and then find the value corresponding to the highest
density. Finally, this estimated sampling rate is applied to a deformed Gaus-
sian primitive G; as shown in Eq. [5] which ensures that the highest frequency
component of any Gaussian does not exceed half of its maximal sampling rate.

5 Experiments

Implementation Details We use SARO-GS [63] as the base 4DGS represen-
tation. We apply the smoothing filter on the projected 3D Gaussians and train
our model for 15K iterations for all plenoptic scenes and 20K iterations for syn-
thetic scenes. We use the loss function described in Eq. 3] The adaptive density
control happens after 600 iterations at every 100th iteration until 5K iterations
for plenoptic scenes and until 15K iterations for synthetic scenes. We compute
the motion-aware smoothing filter after 600 iterations at every 100th iteration
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Fig. 6: Single-Scale Training and Multi-Scale Evaluation on D-NeRF -
dataset. All baseline methods and our method were trained at 200 x 200 image reso-
lution, while novel views are evaluated at 800 x 800. Notice the artifacts in the baselines:
the arm in “mutant” (Row 3), the arm in “hook” (Row 2), and the top part in “lego”
(Row 1). In contrast, our method renders with high fidelity.

£ K K £ K

except the final training iteration. We use the hyperparameter settings similar
to SARO-GS. Further, we also use the 2D filter proposed in Mip-Splatting with
variance of 0.1.

Dataset We evaluate our method on six real-world scenes from the Plenoptic
Video dataset 7 each captured by 15 to 20 cameras. Additionally, we assess
performance on eight synthetic scenes from D-NeRF dataset. These datasets
were utilized for single-scale training and multi-scale testing. We also show eval-
uation results on the HyperNeRF dataset.

Metrics. We employ the Peak Signal-to-Noise Ratio (PSNR), Structural Simi-
larity (SSIM) [58], and Learned Perceptual Image Patch Similarity (LPIPS)
to assess the quality of the rendered novel-views. Further, we evaluate the tempo-
ral stability of a video based on the flow warping error between two frames .
We provide more details on this temporal stability metrics in the supplementary
material.

Baselines. We compare our method with the Gaussian splatting-based methods
SARO-GS , 4DGS , Spacetime-GS , 4DRotorGS and Grid4D

and use the official implementations of all baselines.

5.1 Results and Analysis

Single-Scale and Multi-Scale Testing To evaluate zoom-in performance,
we adopt the methodology from Mip-Splatting. Specifically, we train the model
on training-images downsampled by a factor of four. Then, we evaluate the
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generated novel views at (1x ,2x and 4x) resolution. We train baseline methods
using this setting.

Evaluation on Plenoptic dataset. Tab. [I| shows a multi-scale performance
comparison using the training strategy discussed above. At 1x resolution, our
method achieves comparable results to the baselines. However, at 2x and 4x res-
olutions, we significantly outperform the baseline methods. Notably, we achieve a
2.11 dB improvement over SARO-GS, which is significant as we build upon their
method. In contrast, 4DGS, Spacetime-GS, and Grid4D exhibit subpar perfor-
mance at 4x resolution. This trend is also evident in the qualitative results pre-
sented in Fig. [l Observe the blurriness in the baseline methods’ output for the
“sear steak” scene. Our method, on the contrary, preserves high-frequency details
when rendered at higher resolutions. This ability to maintain high-frequency con-
tent, even when trained on lower-resolution data, is a crucial advantage missing
in other 4D representations. Further, our method preserves more high-frequency
details than baseline methods on the HyperNeRF dataset in Fig. [§]

Temporal Error Analysis. We compare the quality of rendered views by
evaluating their consistency across consecutive frames in Tab. [3] This is done by
warping a frame to align with the next one and then calculating the error between
the warped frame and the actual subsequent frame.
Metrics like W-Temporal
Error, W-LPIPS (lower

W-Ternporal Error |W-LPIPS |[W-SSIM 1

X Spacetime-GS [32] 1.127 0.003803  0.989175
is better), and W-  4pGs [59] 0.780 0.002454  0.991685
SSIM (higher is bet-  4DRotorGS [10] 0.769 0.002653  0.992745
ter) quantify this con-  Grid4D [61] 0.840 0.002689  0.991504

Ours 0.608 0.001806  0.994581

sistency. We observe

that the renderings Taple 3: Temporal error analysis. We present a quan-
from our approach titative evaluation of our method’s performance against ex-
are the most coher- isting techniques, utilizing warped error, warped LPIPS, and
ent over time com- warped SSIM as key metrics. Results demonstrate the supe-
pared to the other rior performance of our approach.

techniques.

Evaluation on D-NeRF synthetic dataset. We also evaluated our method
against baseline methods on D-NeRF dataset with Single-Scale training
and Multi-scale testing set-

ting. Consistent with results PSNR 7SSIM TLPIPS |
on realworld dataset, our Deformable3DGS [64]| 3823 0.985 0.017
method achieved comparable SARO-GS 163 35.30  0.978 = 0.024
erformance at 1% resolu- 4DGS [59] 34.19  0.979  0.026
p " 4DRotorGS [10] 34.22 0974 0.024
tion, but demonstrated sig- ;44m o] 30.88  0.987  0.012
nificant improvements at 2x Ours : 3482 0974  0.028

and 4 X resolution. In particu-
lar, our method outperformed Table 4: Single-scale Training and Same-scale
several baselines, including Testing on Synthetic Dataset |47]. We observe
a 5.06dB increase over De- that the baselines perform better but our method
formable3DGS, a 5.21dB in- excels in Multi-Scale Evaluation.(Tab.
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crease over SARO-GS, a 3.83dB increase over Grid4D, a 6.78 dB increase over
4DGS, and a 7.53 dB increase over 4DRotorGS. Furthermore, the baseline meth-
ods exhibited a substantial decline in performance at higher resolutions. For
example, Grid4D’s PSNR dropped by 10.24 dB from 1x to 4x resolution.

Qualitative results in Fig. [6] further support our quantitative findings.
For example, in the “hell-

warrior” scene, observe the ar- ] PSNR 1SSIM TLPIPS |
tifacts present in the SARO- SARO-GS [63] | 3209 0946 0.138
GS output, which are ab- Spacetime-GS [32] | 31.64 0.948 0.139
sent in our results. This 4DGS [59] . 31.02 0.935  0.150
is significant, as we build 4DRotorGS [10] 31.10 0.937 0.145
on SARO-GS as our base Grid4D |61] 30.09 0.932 0.148
representation. Likewise, the Ours 31.43  0.943 0.140

“lego” scene exhibits blurry
and aliasing artifacts across
all baseline methods. Overall,

Table 5: Single-scale Training and Same-scale
Testing on Plenoptic Video Dataset |31]. Our
approach is comparable to baseline methods, with

our mthOd effectively P 5nly a 0.003 SSIM difference from the base SARO-
serves high-frequency details, g representation.

even when trained at a lower
resolution.

Single-Scale Training Tab. [5| presents the results on the Plenoptic Video
dataset, where all baselines were trained and evaluated at the same resolution of
1352 x 1014. Our method performed comparably to the other baselines, although
it showed a slight performance decrease compared to SARO-GS. This behaviour
is expected and consistent with anti-aliasing filters such as Mip-Splatting [65]:
by band-limiting each primitive to satisfy the Nyquist criterion, the filter sup-
presses the high-frequency components that would otherwise overfit the training-
resolution views. This is a small trade-off at the training scale for substantially
better fidelity at unseen scales. SSIM decreases by only 0.004 relative to the base
SARO-GS representation in Tab.

Comparison with SARO-GS + static 3D filter. To further assess the
robustness of our method, we construct an additional baseline by integrat-
ing the static 3D filtering module from Mip-Splatting [65] with SARO-GS.
This baseline aims to simulate
the effect of applying spatially

consistent 3D filtering to dy- PSNR 1SSIM 1LPIPS |
namic content. Quantitative SARO-GS + 3D Filter| 24.92 0.840 0.270
results presented in Tab. [f] Ours 31.40 0941 0.117

demonstrate that our ap- Table 6: Quantitative comparison of our
proach substantially outper- method against SARO-GS + 3D Filter. Our
forms this baseline across all approach significantly outperforms the baseline.
evaluation metrics (6.4 dB This highlights the effectiveness of our method in

improvement). Further, Fig. handling dynamic scenes.

shows that this baseline intro-
duces noticeable blur and temporal inconsistencies, particularly around moving
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Table 7: Integration with SpeeDe3DGS [54] on the D-NeRF dataset [47] (single-
scale training, 4X testing). Our motion-aware filter improves SpeeDe3DGS by 4.45dB
while using fewer primitives and adding only ~2 minutes of training. Lower rows ablate
the bandwidths h,, h: and grid size T (1 marks the default configuration). #G is the
number of Gaussian primitives.

|PSNR1 SSIM+ LPIPS| Train (min) #G

SpeeDe3DGS [54]| 27.83  0.940  0.067 4.45 2508
+ Ours (7) 32.28 0.956 0.064 6.48 2330
0.1 32.13  0.955  0.065 6.41 2314
he 0.2 3220 0.956  0.064 6.31 2312
0.3" 32.28 0.956  0.064 6.48 2330
0.05" 32.28 0.956  0.064 6.48 2330
h: 0.1 32.13  0.956  0.065 6.47 2339
0.2 32.07  0.956  0.065 6.47 2352
T 50 32.25 0.956  0.064 6.41 2290
1007 32.28  0.956  0.064 6.48 2330

objects such as the human subject. This degradation arises because the static
3D filter fails to account for temporal motion. In contrast, our method effec-
tively preserves fine-grained details and temporal coherence, producing sharper
reconstructions and consistent visual quality over time.

Integration with Other 4D Representations. A key advantage of our motion-
aware smoothing filter is that it is decoupled from the underlying 4D representa-
tion: it operates on the projected 3D Gaussians and merely replaces the constant
sampling rate Py with a time-varying 2, (t). To demonstrate this, we integrate it
with SpeeDe3DGS [54], a recent and architecturally different 4D representation.
Tab. [7| reports single-scale training and 4x testing on the D-NeRF dataset [47].
Our filter improves SpeeDe3DGS by 4.45 dB in PSNR while using fewer Gaussian
primitives, confirming that the gains are not specific to SARO-GS. The overhead
is modest: training increases by about two minutes, and the per-primitive density
estimate (O(NDT)) adds only 17.7 MB of memory; compressing this is left for
future work. The lower part of Tab. |Z| ablates the kernel bandwidths A, h; and
the temporal grid size 7', showing that our method is robust to these choices.
Unless stated otherwise, we use h, = 0.3, hy = 0.05, T = 100, and Weibull shape
k =10 in all experiments.

Zoom-Out (Sub-1x) Evaluation. The evaluations before are for the resolu-
tions above the training resolution (zoom-in). We now assess the opposite regime,
rendering below it. Using SpeeDe3DGS on the D-NeRF dataset, we train at 1x
(800 x 800) and render at 1x, 2 x (400 x 400), and 1x (200 x 200). As shown in
Tab. [8) the two methods are on par at the training resolution, but as the render
resolution decreases the base representation degrades sharply—its PSNR falls
from 35.0 to 28.1dB at ix—whereas our motion-aware filter stays nearly con-
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Table 8: Zoom-out (sub-1x) evaluation with SpeeDe3DGS on the D-
NeRF dataset (averaged over 8 scenes). All models are trained at 1x (800 x 800)
and rendered at lower resolutions. Our filter keeps quality nearly flat across scales,
whereas the base degrades as the render resolution drops.

PSNR 1
SpeeDe3DGS +Ours

35.01 35.02
32.89 35.88
28.10 35.87

SSIM 1
SpeeDe3DGS +Ours

0.974 0.974
0.975 0.981
0.951 0.985

LPIPS |
SpeeDe3DGS +Ours

0.040 0.041
0.025 0.024
0.029 0.014

Eval resolution

1x (800 x 800)
%x (400 x 400)
x (200 x 200)

4

SaRO-GS + 3D Filter

Ours

Fig. 7: Comparison with SARO-GS + static 3D Filter. Incorporating the static
3D filter from Mip-Splatting into SARO-GS leads to spatial blurring and tempo-
ral flickering, especially around the moving human subject. In contrast, our method
maintains temporal consistency and preserves high-frequency details.

stant (~35.9 dB) across all scales, i.e., it is scale-consistent in both directions. We
note that the large PSNR gap at }1>< is concentrated at high-frequency regions
(check analysis in supplementary material).

6 Limitations

The main limitation of our method is its memory footprint. For each Gaussian
primitive, we store a discrete density matrix over the joint (f/d, t) grid; with
N primitives and a grid of size D x T, where D and T are the numbers of
discretization bins along f/d and time respectively, the total memory scales as
O(N x D x T). This overhead grows with the grid resolution and the number
of primitives, which can become significant for large scenes. Several directions
can mitigate this in future work. Since inference only requires the per-timestamp
maximum of the conditional density, the full joint matrix can be discarded and
replaced by the resulting time-varying sampling-rate curve, reducing the foot-
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GT 4DGS Deformable3DGS SARO-GS Ours

Fig. 8: Qualitative Results on HyperNeRF dataset. We use the “Single-
Scale Training and Multi-Scale Testing” setting, where training is performed at a res-
olution downscaled by a factor of 4, and novel views are rendered at the original
resolution. Notice the blurriness in the “printer head” and “yellow sticker” (highlighted
with a green box) in the baseline methods. In contrast, our method better preserves
high-frequency details.

print from O(NDT) to O(NT). Another approach can be that a small shared
network predicts the sampling rate directly from a primitive’s features and the
query time, removing the need to store a matrix per primitive. Finally, primitives
undergoing similar motion can be clustered to share a single density estimate.
We leave these memory-efficient extensions to future work.

7 Conclusion and Future Work

We present a motion-aware smoothing filter designed to achieve alias-free ren-
dering for 4D representations, enabling effective modelling of dynamic scenes.
Our filter estimates the appropriate sampling interval by estimating a joint dis-
tribution and, during inference, selects the value corresponding to the maximum
probability for a given query timestamp. Experimental results demonstrate that
the proposed method outperforms baseline 4D representations when trained at
a lower resolution and evaluated at higher resolutions. This quantitative and
qualitative analysis further corroborates our claim that this smoothing filter ex-
cels at zoom-in/zoom-out rendering. Furthermore, this strategy is flexible and
can be applied to any 4D representation. In future work, we will explore its ap-
plication to more challenging dynamic scenes characterized by rapid, complex
motion, pushing the boundaries of high-fidelity 4D reconstruction for per-scene
methods and feed-forward methods.
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