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Figure 1: Part (a): INSTANT4D achieves better rendering performance with fewer training iterations
against the original 4D Gaussian Splatting (4DGS) [41]. Part (b): Visualization on detailed dynamic
object like a “spinning” apple. After 40-minute optimization, the rendering result of 4DGS remains
blurry, while our method achieves better visual quality by 0.8 dB PSNR, faster optimization for
convergence by 85%, and lower GPU memory by 69%. Part (c): Bubble chart comparing with most
recent art. Note that the bubble size indicates the size of an optimized model.

Abstract

Dynamic view synthesis has seen significant advances, yet reconstructing scenes
from uncalibrated, casual video remains challenging due to slow optimization and
complex parameter estimation. In this work, we present INSTANT4D, a monocular
reconstruction system that leverages native 4D representation to efficiently process
casual video sequences within minutes, without calibrated cameras or depth sensors.
Our method begins with geometric recovery through deep visual SLAM, followed
by grid pruning to optimize scene representation. Our design significantly reduces
redundancy while maintaining geometric integrity, cutting model size to under 10%
of its original footprint. To handle temporal dynamics efficiently, we introduce a
streamlined 4D Gaussian representation, achieving a 30× speed-up and reducing
training time to within two minutes, while maintaining competitive performance
across several benchmarks. Our method reconstruct a single video within 10
minutes on the Dycheck dataset or for a typical 200-frame video. We further
apply our model to in-the-wild videos, showcasing its generalizability. Our project
website is published at https://instant4d.github.io/.

1 Introduction

Reconstructing dynamic 3D scenes from casually captured, uncalibrated video is a fundamental
challenge in computer vision, critical for applications such as augmented reality (AR), virtual
reality (VR), and immersive content creation. While static 3D scene modeling has seen remarkable
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progress [13, 1, 22, 21, 23, 31], extending these techniques to dynamic scene remains challenging,
especially when handling moving objects with monocular camera only. This process often requires
time-consuming optimization [12, 3, 26] to recover scene geometry and accurate motion. Furthermore,
occlusion, deformation, and irregular camera paths add complexity, making efficient and coherent
modeling difficult in uncalibrated settings.

Recent approaches leverage optical flow [12], depth [9], point-tracking [29], and pose prior [5] to
solve this challenging task. Nevertheless, reconstructing from a short, causal video still requires hours
of optimization. Inspired by recent advances in deep visual SLAM [11] and real-time rendering [6, 41]
we propose INSTANT4D, a reconstruction system for dynamic scene reconstruction in only minutes.
We employ deep visual SLAM to estimate camera trajectories and refine the monocular depth into
video consistent depth. These depth maps are then back-projected into a dense 3D point cloud as
4DGS optimization. Furthermore, we propose a grid pruning strategy, which efficiently reduces
redundancy while preserving occlusion structures, reduces the model size to less than 10% of its
original footprint and significantly accelerates the optimization process, achieving 30× acceleration
compared to recent works of art.

Then, we model the attributes of dynamic scenes with the native 4D Gaussian primitive [40, 41] that
captures motion without rigidly segmenting the scene into static and dynamic parts. Unlike previous
approaches [12, 5, 9, 29, 33], our method further enables naturally captures on some background
variations. However, modeling sparse and temporally inconsistent observations make the 4D Gaussian
overfit and prematurely disappear in poorly observed regions. We address this through a carefully
crafted initialization scheme and a motion-aware 4D covariance model.

INSTANT4D demonstrates short training time, low peak memory, fast rendering speed, and high
rendering quality, as shown in Figure 1. Specifically, we reconstruct scenes on NVIDIA dataset [43]
in average 2 minutes and on Dycheck [3] dataset in average 7.2 minutes. For a typical 5-second,
30 FPS video, our method completes optimization within 8 minutes. We achieve 30× speed-up in
reconstruction time. 90% reduction in memory and demonstrate competitive performance on several
benchmarks. Our primary contributions are summarized as follows.

• We propose INSTANT4D, a modern and fully automated pipeline that reconstructs casual
monocular videos within minutes, achieving 30× speed up.

• We introduce a grid pruning strategy that reduces the number of Gaussians by 92%, preserv-
ing the occlusion structures and enabling scalability to long video sequences.

• We present a simplified, isotropic, motion-aware 4DGS formulation, in monocular setup,
which achieves 29% better performance than current state-of-the-art methods on the Dy-
check dataset.

2 Related Work

2.1 Dynamic Novel View Synthesis (NVS)

NeRF-based NVS Earlier methods like [43] used single view and multiview stereo depth to
synthesize novel views of dynamic scenes from a single video using explicit depth-based 3D warping.
A recent line of work [20, 12, 16] extends NeRF [14] to handle a dynamic scene by adding a time
dimension. In particular, RoDynRF [12] split the scene into static and dynamic parts and used the
static radiance field [14] to estimate only the camera poses, which were robustly reconstruct from
unposed RGB video. However, limited by Neural Radiance Fields’ rendering speed and numerous
iteration demands, usually RoDynRF [12] takes over 2 days to reconstruct a casual video.

Gaussian-based NVS Approaches to modeling motion with Gaussian Splatting can be broadly
categorized into three types: deformation-based, trajectory-based, and 4D-Gaussian-based methods.
Deformation-based methods [35, 42, 36, 7] employ multi-layer perceptrons (MLPs) or low-rank
K-planes to dynamically adjust the parameters of Gaussians over time. Although expressive, these
methods typically suffer from slower training and rendering due to the added complexity of learning
continuous deformations. Trajectory-based methods [29, 9, 28] explicitly model the motion of
Gaussians by pre-computing trajectories, often derived from external motion estimators. Although
this enables precise tracking of object movement, it demands substantial preprocessing. For example,
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Figure 2: Pipeline of INSTANT4D. We use Deep Visual SLAM model and Unidepth [19] to obtain
camera parameters, and metric depth. The metrics depth would be further optimized to consistent
video depth. After that we back project from consistent depth to get dense point cloud, further voxel
filtered to sparse point cloud, as discuss in Section 3.2. Based on the 4d Gaussians Initialization, we
can reconstruct a scene in 2 minutes. More details about optimization are described in Section 3.3.

a 3-second video can generate trajectory files of more than 100 GB [29]. Furthermore, these methods
rigidly partition the scene into static and dynamic components, neglecting subtle background motion
that may still be perceptible. This hard segmentation introduces artifacts when background elements
exhibit slight temporal shifts. Finally, 4D-Gaussian-based methods [38, 41, 37] extend the standard
3D Gaussian Splatting by including a temporal dimension to the representation. At a given timestamp,
the 4D Gaussian is conditioned to a 3D distribution. However, it is prone to overfitting in monocular
settings where certain regions are briefly visible only; without careful temporal management, 4D
Gaussians tend to vanish prematurely as they are underconstrained in time.

2.2 Visual SLAM and SfM

Classical structure-from-motion (SfM) and Simultaneous Localization and Mapping (SLAM)
pipelines recover camera poses and sparse geometry by minimizing re-projection or photometric
errors through bundle adjustment [4, 24]. Deep visual SLAM systems, such as DROID-SLAM [27]
replace handcrafted heuristics with differentiable bundle adjustment layers and data-driven priors,
resulting in improved robustness in texture-poor scenes and mild dynamics. Recently, MegaSAM [11]
has extended the differentiable bundle adjustment to dynamic scenes. MegaSAM leverages data
learned before camera and flow supervision, robustly recovers camera parameters, and generates
consistent video depth. Another notable recent data-driven method, DUSt3R [32], powered by
a CroCo encoder [34], learned from vast pretrained data, reconstructs camera poses quickly and
robustly. Follow efforts such as MonST3R [44] extend DUSt3R to a dynamic scene with additional
dynamic supervision. CUT3R [30] also applies the CroCo [34] encoder and applies continuous
learning for static and dynamic reconstruction.

3 Method

Given an unconstrained video sequence V = {Ii}Ni=1 with resolution H × W , our goal is to
estimate camera extrinsics Ĝi ∈ SE(3), intrinsics K ∈ R3×3, and temporally consistent depth maps
D̂ = {D̂i}Ni=1. Leveraging these estimates, we reconstruct a dynamic 4D scene representation and
render novel views in real-time from arbitrary viewpoints G∗ at given timestamps t∗ using Gaussian
Splatting. Our pipeline is illustrated in Figure 2 We first briefly summarize the relevant background on
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deep visual SLAM and Gaussian Splatting (Section 3.1), before detailing our geometric initialization
pipeline (Section 3.2) and optimization strategy (Section 3.3).

3.1 Preliminary

MegaSAM [11] extends the differentiable bundle adjustment framework from DROID-SLAM [27] to
handle dynamic monocular videos. Specifically, (initialized by Depth Anything [39]), camera poses
Ĝi ∈ SE(3), and camera intrinsics represented by focal length f (initialized by Unidepth [19]).

During optimization, MegaSAM jointly refines these parameters by iteratively minimizing the
weighted reprojection residuals between predicted optical flow and rigidly computed flow from
current estimates:

uij = π
(
Ĝij ◦ π−1(pi, d̂i,K

−1),K
)
, (1)

where Ĝij denotes the relative transformation from frame i to frame j, and π(·) denotes the camera
projection operation.

MegaSAM optimizes these parameters using the Levenberg–Marquardt (LM) algorithm:(
J⊤WJ+ λ diag(J⊤WJ)

)
∆ = J⊤Wr, (2)

where ∆ = (∆G,∆d,∆f)⊤ is the parameter update, J is the Jacobian of reprojection residuals
r with respect to the parameters, and W is a diagonal weighting matrix derived from each frame
pair. The damping factor λ is adaptively predicted by the network during each iteration to stabilize
optimization.

4D Gaussian Splatting [41] extends the explicit 3D Gaussian Splatting [6] to dynamic scenes by
incorporating temporal dynamics into scene modeling. Specifically, a standard 3D Gaussian is
parameterized by its mean position µ ∈ R3, covariance matrix Σ ∈ R3×3, and opacity α ∈ R as
follows:

G(p,µ,Σ, α) = α exp

(
−1

2
(p− µ)⊤Σ−1(p− µ)

)
. (3)

To represent a view- and time-dependent appearance, 4DGS employs a set of 4D sphericylindrical
harmonics (SCH), constructed by combining 3D spherical harmonics (SH) with temporal Fourier
basis functions:

Zm
nl(t, θ, ϕ) = cos

(
2πn

T
t

)
Y m
l (θ, ϕ), (4)

where Y m
l are the standard 3D spherical harmonics indexed by degree l ≥ 0 and order m with

−l ≤ m ≤ l, n is the temporal frequency index, and T denotes the temporal period.

3.2 Geometric Recovery

Back Projection on Consistent Depth Given the input image sequence V , we first apply
MegaSAM [11] to obtain estimates of camera extrinsics Ĝi ∈ SE(3) and intrinsics K ∈ R3×3.
We then refine the initial monocular depth estimates to achieve temporally consistent depth maps
D̂ = {D̂i}Ni=1 through an additional first-order optimization. Using these refined depths, we back-
project each pixel coordinate pi from the image space into 3D world coordinates Xi ∈ R3:

Xi = Ĝi ◦ π−1(pi, D̂i,K
−1), (5)

where π−1 denotes the back-projection of pixel pi (in homogeneous coordinates p̃i) and depth
D̂i into the camera frame, and Ĝi transforms the 3D point into the world coordinate frame. This
procedure yields a dense colored point cloud representing the scene geometry. To handle variations
in depth scale, particularly in outdoor scenes with unbounded regions (e.g., skies), we adaptively
increase the voxel size Sv during subsequent grid pruning.
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Motion Probability Estimation Separating dynamic foreground objects from the static background
remains beneficial, as it allows us to efficiently allocate computational resources by representing the
static background sparsely while preserving detailed granularity in dynamic regions. To this end,
we leverage intermediate predictions from the deep visual SLAM pipeline’s low resolution motion
probability map m̂ ∈ RH

8 ×W
8 . to interpolate to a per-pixel motion probabilities. We then employ

Otsu’s thresholding method [15] on these probability maps to generate binary masks that distinguish
static from dynamic scene elements. Empirically, we observed that in sequences with large temporal
sampling intervals, motion estimation can fail to reliably identify moving objects at the sequence
boundaries (i.e., first and last frames). To mitigate this issue, we introduce synthetic pseudo-frames at
both ends of the sequence, thereby improving motion consistency. Additional visualizations of our
motion estimation procedure are provided in the supplementary materials.

Grid Pruning Back-projecting depth maps for a 512×512 video sequence of four seconds (30 FPS)
yields ∼30M raw 3D points. To eliminate redundancy and resolve self-occlusions, we partition the
world space into a regular voxel grid and retain only the centroid of points within each occupied
voxel. The edge length is adapted to the scene scale,

Sv = λs ·
1

N

N∑
i=1

D̂i

f̂
, (6)

where D̂i is the mean depth of the frame i, f̂ the estimated focal length, N the number of frames,
and λs a user-defined scale factor. Each 3D point is assigned to a voxel by integer division with Sv;
points in the same cell are aggregated via a hash-map and replaced by their centroid, while other
attributes other than position, such as color, timestamp, time scale st, and motion probability m̂ are
averaged. Voxels with insufficient support are discarded as outliers to suppress noise.

In the NVIIDA Dynamic Scene benchmark [43], this pruning reduces the model’s memory footprint
from 10.7 GB to 0.83 GB (92%), reduces the training time from 181 s to 42 s (4× speed-up), and
improves rendering performance from 154 FPS to 981 FPS (see Table 2). With the resulting compact
geometric priors, we can reduce the need of the densification stage conventionally applied by 3D
Gaussian Splatting [6].

3.3 Optimization

Motion Modeling Once 3D positions and RGB colors are acquired, we optimize the remaining
Gaussian attributes such as rotation r, scaling s, opacity o, and motion m with a lightweight 4D
Gaussian formulation. Each Gaussian is described by a 4D mean µ = (µx, µy, µz, µt)

⊤ ∈R4, a
diagonal scale vector s = (sxyz, st)

⊤, a scalar opacity α, and a rotation matrix R∈R4×4. Unlike
prior 4DGS [41] work that relies on two entangled quaternions and high-order SCH, we model
the Gaussian’s appearance with simple RGB value, rather than a high-order spherical harmonious
function. The simple design cuts the per-Gaussian parameter count by over 60% and empirically
lessens over-fitting in monocular settings.

We condition a multivariate 4D Gaussian primitive towards a 3D Gaussian primitive at timestamp t
during the rendering time, which can be formulated as follows:

µxyz|t = µ1:3 +Σ1:3,4 Σ
−1
4,4 (t− µ4), (7)

Σxyz|t = Σ1:3,1:3 − Σ1:3,4 Σ
−1
4,4 Σ4,1:3, (8)

where Σ∈R4×4 is the full covariance matrix. This conditioned form encodes continuous motion
without explicit trajectory storage.

Isotropic Gaussian Although anisotropic Gaussians can model fine-grained shape details, their
additional degrees of freedom frequently destabilize optimization in monocular scenarios. Inspired
by Gaussian Marbles [25], we therefore adopt an isotropic variant: the orientation matrix is fixed to
the identity (R = I), and the covariance is parameterized by two scalars, one shared spatial scale
sxyz and one temporal scale st. This compact parameterization improves numerical stability, reduces
memory usage, and acts as an implicit regularizer. As evidenced in Table 4, the isotropic model
delivers higher robustness without sacrificing rendering quality.
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Ground Truth Ours NSFF Dynamic Nerf RodyNrf

Figure 3: Visual comparison on the NVIDIA dataset. [43]

Method Calibration Runtime ↓ Rendering FPS ↑ PSNR ↑480 × 270 860 × 480

HyperNeRF [17] COLMAP 64 0.40 - 17.60
DynamicNeRF [3] COLMAP 74 0.05 - 26.10
RoDynRF [12] COLMAP 28 0.42 0.13 25.89
4DGS [35] COLMAP 1.2 43 29 21.45

Casual-FVS [8] Video-Depth-Pose 0.25 48 27 24.57
InstantSplat∗ [2] Visual SLAM 0.15 117 - 22.56
4DGS∗ [41] Visual SLAM 0.16 98 - 18.34
Ours Visual SLAM 0.02 822 676 23.99

Table 1: Quantitative comparison of efficiency and visual quality on NVIDIA dataset following [12].
∗: Our implementation on the same server by replacing the calibration method (COLMAP) from the
original paper with Visual SLAM for fair comparison.

Motion-Aware Gaussian In monocular 4DGS primitive modeling, static background primitives
can vanish once they leave the camera frustum unless they are explicitly distinguished from moving
objects. We apply the mask obtained from 3.2.

To make our 4D primitive aware of underlying motion in the monocular dynamic scene. Considering
opacity ot = o × N (t, µ4,Σ4,4) and Equation 7, we can find that in the case of our isotropic
Gaussians, the temporal scaling st would be the only term in the covariance affect the Gaussian
attribute related with time.

Σ4,4 = st × st (9)

Therefore, by explicitly setting st higher for the static region, those Gaussians that should remain in
the 4D space will not disappear. Those dynamic Gaussians will change their position and scaling
according to the deviation of timestamp t. During rendering, Gaussians farther away from the
timestamp t will be culled if their opacity ot = oN (t;µ4,Σ4,4) falls below a threshold.

4 Experiments

4.1 Training and Inference Detail

Implementation Detail On the Dycheck iPhone dataset [3], we followed the evaluation protocol
established by Jeong et al [5]. We set the maximum optimization iterations to 5,000 and adopted
the standard 3DGS[6] hyperparameters for loss weights and learning rates, with the exception of
reducing the position learning rate to 1e−5 and extending the learning rate scheduler to 5,000 steps.
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Figure 4: Visual Comparison on the Dycheck dataset.[3]

Component SH Filter Densification PSNR ↑ Runtime (sec) Memory (MB) Rendering FPS
Ours ✓ ✓ 23.99 42 832 981
SCH ✓ 23.83 59 2806 588
W.o. Voxel Filter ✓ 23.38 181 10676 154

Table 2: Ablation study on key components of INSTANT4D’s influence on speed and memory.
We analyze the effect of spherical harmonics (SH), grid filtering, and Gaussian densification on
rendering quality, training runtime, memory usage, and rendering frame rate (FPS). Removing
higher-order SCH 3.1 slightly reduces computational cost with minimal impact on PSNR. The grid
filtering significantly reduces both memory footprint and runtime while maintaining rendering quality,
highlighting its role as an effective regularizer against overfitting.

Our initialization strategy differed between model variants. For the Lite model, we initialized 4D
Gaussians with a voxel size of λs = 4 for static regions and λd = 4 for dynamic regions. In our
Full model, we set λs = 1 but omitted the grid pruning step for dynamic regions to preserve detail
and alleviate some potential underfit caused without densification. During practice, one can still
enable densification for better training view rendering quality. Temporal scaling was set to st =

k
fps

for dynamic regions, while static regions used a constant scale equal to the entire video length
(st = lvideo).

For the NVIDIA Dynamic Scene dataset [43], we reduced the maximum optimization iterations to
1,500 while maintaining the same hyperparameters as our implementation in Dycheck [3], adjusting
only the learning rate scheduler’s maximum step to match the shorter optimization cycle. The grid
pruning and initialization parameters remained consistent across both datasets.

Runtime and Memory The computational requirements for our method scale with input video
length, as the SLAM system must track additional depth maps. Peak memory usage occurs during
consistent video depth optimization, while 4DGS optimization maintains relatively stable runtime
regardless of sequence length. Testing on a single NVIDIA A6000 GPU, our Lite model completes
the full training pipeline in 96 seconds with peak memory usage of 988 MB on the shortest sequence
(235-frame "paper-windmill"), and 131 seconds with peak memory of 1,147 MB on the longest
sequence (379-frame "apple"). For our Full model, geometric recovery processes at approximately
0.8 seconds per frame, requiring about 5 minutes total for depth estimation, video depth consistency
optimization, and camera tracking on the "apple" sequence. Inference runs at over 400 Hz, and the
voxel pruning stage completes in less than 5 seconds per scene.

4.2 Evaluation on NVIDIA & Dycheck Benchmarks

Evaluation on NVIDIA We evaluated INSTANT4D against several baseline methods in the NVIDIA
Dynamic data set following the protocol [12]. This dataset consists of seven scenes, each with 12
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PSNR(↑) Apple Block Paper Spin Teddy Average Runtime(h) Mem(GB)
D-NeRF [20] 24.23 21.80 21.85 22.15 19.46 21.50 > 24 12
RoDynRF [12] 17.38 15.99 20.71 16.66 13.28 16.80 22 15
4DGS [35] 23.24 22.05 21.03 22.99 18.89 21.64 1.2 21
Deform3D [42] 24.82 23.26 20.62 23.51 20.93 22.63 - -

RoDynRF [12] (w.o. pose) 14.50 14.73 17.94 15.75 11.56 14.90 22 15
RoDyGS [5] 16.79 17.67 19.20 18.47 14.69 17.37 1.0 -
Ours (Lite) 24.9 23.48 23.18 23.60 19.96 23.02 0.03 1.1
Ours (Full) 26.84 23.98 24.77 25.25 21.78 24.52 0.12 8

Table 3: DyCheck iPhone benchmark [3]. Methods above the mid-rule are trained with ground-truth
camera; those below operate without calibrated poses. Runtime denotes the mean training time per
scene and Mem the peak GPU memory during optimization. Runtime for RoDyGS, RoDynRF, and
D-NeRF is provided by the authors of [5].

frames captured from 12 camera viewpoints for training, with testing performed from fixed viewpoints
at consecutive timestamps. The visualization is shown in Figure 3.

To isolate the contributions of our approach, we developed two comparative baselines with similar
training time constraints. The first InstantSplat [2] style baseline , adapt Fan et al.’s approach [2],
with covisible global geometry initialization and joint camera pose optimization. For the previous part,
we tested with counterparts against MAST3R [10] such as CUT3R [30] and MonST3R [44], but these
models struggle with frequently shifting point clouds when processing a long sequence. Therefore,
we still use MegaSAM [11] as the visual SLAM model. As shown in Table 1, our model achieves
a higher rendering quality while maintaining significantly faster training times, demonstrating the
effectiveness of our grid pruning and initialization strategy.

Furthermore, we introduce a 4DGS [41] baseline, This baseline isolates the contribution of our
4D Gaussian representation by implementing a standard 4DGS approach without our isotropic and
motion-aware Gaussian strategies. As shown in Table 1, our full model achieves superior rendering
quality while maintaining significantly faster training times, demonstrating the effectiveness of our
grid pruning and initialization strategy. The ablation results in Table 4 further confirm that omitting
motion-aware Gaussians substantially degrades the quality of rendering across both datasets. This
degradation likely stems from overlapping dynamic elements in world space, where improperly
timestamped Gaussians occlude each other and impede optimization.

While some prior methods such as [12, 3] achieve higher PSNR values, they typically incorporate
additional regularization techniques to compensate for the limited information available in the
12-frame NVIDIA dataset. Nevertheless, our method offers a compelling trade-off, delivering
competitive quality with reconstruction speeds that dramatically outpace previous approaches.

Evaluation on DyCheck The DyCheck iPhone benchmark [3] presents severe motion and parallax,
making it a stringent test for dynamic reconstruction. Following the RoDyGS [5] evaluation protocol,
we report PSNR per-scene together with training time and peak memory (Table 3. Our Lite variant
already surpasses all baseline methods that do not require ground truth camera poses as input,
achieving an average 23.02 dB in just 0.03 h with a footprint of 1.1 GB. The Full configuration
lifts performance to 24.52 dB, outperforming the concurrent RoDyGS by 7.15 dB and exceeding
Deform3D[42] (which uses ground-truth poses) by 1.89 dB, yet still trains in only 7.2 minutes.

Bear Breakdance

Figure 5: Visualization on the DAVIS Dataset.

Both variants maintain real-time rendering
(> 500 FPS), confirming that our voxel-
initialized, simplified 4D Gaussian representa-
tion delivers state-of-the-art quality at a fraction
of previous computational cost.

From the visual comparison Figure 4, we can see
that compared to the baseline 4DGS model, our
method preserves significantly better for static
background as well as for the dynamic object.
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4.3 Evaluation on in-the-wild video

To assess performance on in-the-wild video, we conduct qualitative experiments on DAVIS
Dataset [18]. Figure 5 shows renderings from both novel viewpoints and novel timestamps; complete
video results are available on our project website. Our reconstructions exhibit crisp object boundaries
and temporally coherent appearance. For example, both the Bear sequence (82 frames) and Break-
dance sequence (68 frames) require 2 min for SLAM calibration and 2 min for 4D reconstruction.

Additionally, we further discuss failure cases. In the low-texture Kite-surf sequence, the ocean
dominates the field of view, leading to inaccurate visual-SLAM poses; consequently, the surfer
occasionally disappears in the rendered output. In our future work, we tend to address such degenerate
scenarios for texture-robust pose initialization.

4.4 Ablation and Analysis

We first conduct experiments on the NVIDIA [43] dataset to evaluate the impact of each component
on training runtime and memory as seen in Table 2. The grid pruning significantly reduces both
memory footprint and runtime while maintaining rendering quality, and the simple RGB value we
used shows a beneficial trade-off on both performance and training speed.

To assess the impact of each design choice, we conduct an ablation study on the DyCheck iPhone
dataset [3] at 2× resolution (Table 4). Starting from our Full model, we disable individual components
to evaluate their influence on rendering quality and temporal consistency. First, we replace the per-
Gaussian RGB coefficient with the original time-varying 4D sphericylindrical harmonic basis as
used in 4DGS. While this configuration increases the parameter count, it provides no benefit in
rendering quality and in fact decreases PSNR by 1.0 dB. This suggests that the simplified RGB
representation is not only more efficient, but also better suited for monocular, unconstrained video.

Component PSNR ↑ SSIM ↑
Ours (Full) 24.52 0.834
w/o Motion Aware Gaussian 21.11 0.721
w/o Isotropic Gaussian 23.00 0.661
w/o zero-degree SH 23.52 0.755

Table 4: Ablation study on each component’s ef-
fective on performance.

Additionally, we evaluate the impact of our pro-
posed design of Isotropic Gaussian. Typically,
3D Gaussian Splatting methods model the scal-
ing and rotation of an 3D Gaussian primitive
with anisotropic covariance. However, we adopt
a fixed identity orientation and a scalar for 3D
scaling. We find that the reduced flexibility in-
troduces stability, resulting in a 1.25 dB gain
in PSNR. Finally, we investigate the effect of
disabling the motion-aware Gaussian strategy,
setting the temporal scale uniformly for all Gaussians. This configuration fails to differentiate be-
tween static and dynamic regions, leading to motion blur and a substantial reduction in PSNR by
3.4 dB. The results demonstrate that each component of INSTANT4D, including the compact RGB
representation, isotropic Gaussian formulation, and motion-aware temporal scaling, plays a crucial
role in maintaining visual fidelity and temporal stability.

5 Discussion & Conclusion

Discussion While INSTANT4D achieves state-of-the-art efficiency and reconstruction quality, it is
currently limited in its scalability to long-duration video sequences. The visual SLAM component
retains depth maps for each frame, leading to a linear increase in memory consumption as the sequence
length grows. This constraint hinders the application of our method to extended captures, such as
multi-minute scenes or continuous video streams. Addressing this bottleneck requires innovations in
hierarchical memory management and online depth-map compression, which we consider promising
avenues for future research. Furthermore, handling scenes with highly reflective or transparent
surfaces remains a challenge, as depth estimation becomes less stable under such conditions.

Conclusion We present INSTANT4D, a novel system for fast 4D reconstruction from casual, uncal-
ibrated monocular video. Our approach leverages grid pruning, motion-aware Gaussian Splatting,
and efficient 4D representation to achieve real-time rendering speed with limited memory over-
head. Experiments on several benchmarks demonstrate its superior rendering visual quality and
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computational efficiency compared to existing methods. Our future work will focus on extending
our framework to video sequences with arbitrary length, improving scalability through hierarchical
SLAM representations, and efficient memory management, while also addressing limitations in
highly reflective and low-texture scenes.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We made our main claim, core method and major advantage in the abstract
and introduction.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitation of our work in the section 5.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: For our motion-aware, isotropic Gaussian, we give detailed assumption and
proof around the equation 7.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have listed all the necessary details to reproduce the experiment. We will
also release our code if accpeted.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The data sets are available by [43] and [3]. We will provide sufficient instruc-
tions to faithfully reproduce the main experiments.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provided detailed information about the implementation detail in the
section 4.1.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report PSNR, SSIM as metric reflecting rendering quality and we also
provide comparison on rendering FPS, memory usage and training time.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

16

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We reported detailed information in the runtime and memory as in the sec-
tion 4.1.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We faithfully observe the NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: We talk about the application of our method in section 1 5 while there might
not be direct social impacts.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that can make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models can be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point
out that a generic algorithm for optimizing neural networks can enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that can arise when the technology is being
used as intended and functioning correctly, harms that can arise when the technology is
being used as intended but gives incorrect results, and harms following from (intentional
or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors can also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA] .

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet can pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Yes, we properly cite and credit these assets.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We will provide details of our code and model.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not666 involve LLMs as
any important, original, or non-standard components
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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