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Abstract. Feed-forward 3D reconstruction for autonomous driving has
demonstrated strong performance and promising generalization capabil-
ities. However, pixel-level methods often suffer from multi-view inconsis-
tencies and content duplication. While voxel-level approaches alleviate
these issues by predicting 3D Gaussian primitives in voxel space, they
remain limited by resolution and computational overhead. We introduce
an efficient feed-forward framework for scene reconstruction from uncal-
ibrated images. The key insight is the explicit decoupling of instanta-
neous generation necessity and long-term geometric persistence during
Gaussian generation. Specifically, we introduce Generation Confidence
driven by reprojection errors to enable demand-aware Gaussian expan-
sion, and Reuse Confidence constructed from depth uncertainty and tem-
poral decay to model the long-term stability. To balance fidelity and
sparsity, we employ differentiable voxelization to aggregate neighboring
features and suppress spatial redundancy, followed by confidence-aware
soft-gating pruning. Gaussian distillation is further introduced to enable
a compact set of backbone Gaussians to approximate the full scene repre-
sentation. Extensive experiments on multiple datasets demonstrate that
our method achieves strong reconstruction quality and robustness while
maintaining a highly compact scene representation.

Keywords: Feed-forward 3DGS - Instantaneous Generation Necessity -
Long-term Geometric Persistence

1 Introduction

In the cutting-edge fields of artificial intelligence and autonomous driving, the
digital perception and modeling of 3D space [17}[18,/31,37] has become foun-
dational infrastructure that empowers machines with autonomous interaction,
precise navigation, and environmental understanding. This capability is widely
applied in robotics [15,47], virtual reality [8]/14], gaming, film production [11,[24],
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Fig. 1: Overview of EAGS. EAGS estimates poses, depth, and masks from uncalibrated
images via a vision transformer. A Gaussian head predicts attributes and time-decayed
reuse confidence. Following first-frame initialization, the model performs on-demand
sparse generation in subsequent frames. This ensures that Gaussians are sparsely gen-
erated, each with a clear reconstruction gain. Finally, differentiable voxelization and
soft gating prune redundancies to maintain a compact and stable scene representation.

and autonomous driving . In recent years, reconstruction methods rep-
resented by Neural Radiance Fields (NeRF) [22] and 3D Gaussian Splatting
(3DGS) have achieved remarkable rendering fidelity. However, these ap-
proaches typically necessitate per-scene optimization and rely heavily on cali-
brated camera poses, which significantly constrains their scalability.

Recent feedforward approaches leverage CNN and Transformer
architectures to predict 3D Gaussian primitives from 2D reference images,
showing great potential. For instance, methods such as DGGT and Driving-
Forward employ a pixel-wise paradigm, mapping image features directly into
Gaussian representations to reconstruct the scene. However, such approaches
exhibit a “generate-everything” bias, repeatedly sampling overlapping regions
across different time steps. This leads to a proliferation of floating artifacts and
severe temporal inconsistencies during rendering, as the model lacks memory
of previously reconstructed geometry. Furthermore, generating a dense set of
Gaussians for every frame imposes a substantial computational overhead for
both storage and downstream processing. To address these issues, VolSplat
and EVolSplat aggregate information in a canonical voxel space for joint
geometry—appearance reasoning. However, voxel-based methods are limited by
resolution and incur high computational cost.

As illustrated in Fig. [T} we propose a Dual-Confidence-Guided Error-Aware
Gaussian Splatting framework (EAGS) to explicitly decouple instantaneous gen-
eration necessity from long-term geometric persistence for efficient scene recon-
struction. Following VGGT , our framework employs a transformer-based
backbone built upon DINOv2 and Alternating Attention to extract and
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fuse spatiotemporal features from multi-frame image sequences. Based on shared
features, several prediction branches estimate camera parameters, depth maps,
dynamic masks, and Gaussian attributes. In addition, an error encoder projects
historical backbone Gaussians onto the current view to capture photometric dis-
crepancies, explicitly identifying under-reconstructed regions.

To decouple instantaneous generation necessity from long-term geometric
persistence, we introduce a dual-confidence mechanism. First, Generation Confi-
dence C, € Rf *W is driven by reprojection errors and determines which regions
in the current frame require additional Gaussian primitives, enabling demand-
aware expansion. Second, we derive the reuse confidence C! € Rf *W by integrat-
ing the generation confidence with depth uncertainty 4 € Rf *Wand a temporal
decay mechanism, thereby assessing the stability and long-term contribution of
Gaussian primitives during cross-frame propagation. During reconstruction, C,
is binarized to achieve demand-aware Gaussian generation while suppressing
redundant primitives. Meanwhile, primitives with lower C. undergo faster tem-
poral decay, enabling a clear separation between stable backbones and transient
structures. For pruning, we adopt differentiated strategies. In static regions, dif-
ferentiable voxelization and soft gating guided by C! suppress spatial redundancy.
In dynamic regions, considering the stochastic and sparse nature of dynamic ob-
jects, we apply voxelization only within a single frame to avoid cumulative drift
caused by long-term tracking. Finally, a Gaussian Distillation Loss mitigates
the performance gap before and after pruning, enabling a compact scene rep-
resentation with a minimal set of backbone Gaussians. Extensive experiments
on multiple benchmark datasets demonstrate that EAGS consistently achieves
superior and robust reconstruction compared with state-of-the-art feed-forward
and optimization-based approaches.

In summary, our main contributions are as follows:

— We introduce EAGS, a novel feed-forward framework that explicitly decou-
ples instantaneous generation necessity from long-term geometric persistence
for efficient scene reconstruction.

— We propose an error-driven, on-demand sparse generation mechanism in-
tegrated with a dual-confidence management strategy, ensuring multi-view
consistency while maintaining a minimalist scene representation.

— Extensive experiments on multiple datasets demonstrate that EAGS achieves
superior reconstruction performance and compactness, while exhibiting promis-
ing zero-shot generalization capabilities.

2 Related Work

2.1 Optimization-based Novel View Synthesis Methods

Traditional novel view synthesis methods [12,[16}|17,/22,/39] rely on precise ge-
ometric correspondences and densely sampled points, which limits their appli-
cability in real-world scenarios. NeRF [22] learns a continuous, implicit repre-
sentation of a scene and has achieved impressive results. However, NeRF-based
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approaches [10}/19,[32,/43] suffer from extremely slow rendering speeds, making
them unsuitable for real-time applications. To address this limitation, 3DGS
represents scenes explicitly using millions of anisotropic Gaussians and performs
differentiable rasterization to enable high-resolution photorealistic rendering in
real time. Subsequent works [12}[17] further extend 3DGS to dynamic scenes by
introducing deformation models. Despite these advances, most existing NeRF-
and 3DGS-based methods assume access to accurate camera poses and rely on
computationally expensive per-scene optimization, which restricts their scalabil-
ity and generalization to unseen environments.

In contrast, the proposed method enables efficient feed-forward reconstruc-
tion without relying on costly scene-specific optimization, while maintaining real-
time rendering performance and strong cross-scene generalization capability

2.2 Feed-Forward 3D Gaussian Splatting

Feedforward 3DGS approaches [3}(9}/44, 48] extract image features via neural
networks, back-project them into 3D space using pixel depths, and decode cor-
responding pixel features into Gaussian attributes such as color, opacity, scale,
and rotation. The paradigm allows 3D Gaussians to be predicted in a single
forward pass through the network. Most existing feedforward Gaussian meth-
ods |4,[5,/13[27,/31,[41] rely on pixel alignment as the fundamental mechanism
to associate image features with Gaussians, maintaining a one-to-one correspon-
dence between pixels and Gaussians. For instance, pixelSplat |2] uses an epipolar
Transformer to estimate scene scale factors and combines them with depth to
predict Gaussians. DrivingForward [31] jointly trains pose estimation, monoc-
ular depth prediction, and a Gaussian network to model driving scenes. MVS-
plat [5] introduces a cost volume fusion strategy to enhance view consistency.
Flash3D [29] and DepthSplat [41] extend the reconstruction to full-scene lev-
els, while NoPoSplat [46] reconstructs 3D scenes from sparse multi-view images
without pose supervision. DGGT [4] reconstructs 4D dynamic scenes using life-
cycle and motion interpolation. Although these methods rely on pixel-aligned
strategies to predict Gaussian primitives, such designs often result in excessive
Gaussian redundancy and inconsistency across viewpoints due to their pixel-level
alignment nature. To address this, VolSplat [35] lifts 2D features into a 3D voxel
grid to reduce spatial redundancy. AnySplat [13| performs pixel-wise predic-
tions followed by voxelization-based pruning to eliminate redundancy. Long-lrm
balances quality and efficiency through token merging and Gaussian pruning.
EVolSplat [21] accumulates monocular depth into a point cloud to initialize the
model and decodes it into Gaussian primitives using a 3D CNN.

However, these voxel- or point-based approaches incur high computational
complexity due to 3D convolutions and are sensitive to scale variation, while
often neglecting depth reliability. In contrast, the proposed method enables ef-
ficient and reliable scene reconstruction and real-time rendering directly from
image sequences without requiring camera poses, by leveraging projection error
and a dual-confidence mechanism.
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3 Method

Our key idea is to address “when to generate” and “what to keep”, instead of
blindly increasing Gaussians. Built on the original VGGT backbone, the er-
ror encoder provides pixel-level gain signals for generation, the dual-confidence
mechanism filters Gaussians to maintain efficiency, and Gaussian distillation con-
centrates effective information into a small number of key Gaussians. For “when
to generate”, the error-aware mechanism can be incorporated into other models
as an interpretable generation trigger and extended to uncertainty-aware genera-
tion. For “what to keep”, dual-confidence and Gaussian distillation can generalize
to pruning methods for better reconstruction quality.

In the following sections, we begin by formalizing our problem setup in
Sec. 3} Sec. 3:2] elaborates on the core components, including the feature ex-
traction architecture, the prediction heads, and the Gaussian generation and
management pipeline. Sec. describes our training methodology.

3.1 Preliminary

Consider a single scene with a set of N uncalibrated input images Z = {I;}¥,,
where I; € RE*WX3 The proposed model extracts 2D features from these uncal-
ibrated images and predicts their corresponding camera poses P = {P;}~ ; and
depth maps D = {D;}¥_,. These predictions are then used to jointly reconstruct
the scene geometry and surface appearance by generating a set of anisotropic
Gaussians G = {(u;, a;, Xi, ¢i, Cy, CL)}§, with attributes: a mean position j;, an
opacity «;, a covariance matrix X, a generatlon confidence C,, a reuse confidence
C! and view-dependent color ¢; (computed by spherical harmonics). During ren-
dering, Gaussian primitives are first sorted in parallel according to their depth
relative to the viewpoint. The final opacity af is then obtained by multiplying
a and C!. Finally, real-time differentiable rendering is achieved through alpha
blending:

C—Zczfﬁl—a (1)

i€G j=1

3.2 Geometry-Aware Scene Encoding

Feature Extraction. We adopt a Geometry Transformer [34] as the feature
extraction network to encode a sequence of image frames into a shared latent
space. Specifically, given N uncalibrated images, each image is transformed us-
ing DINOv2 [23] into a sequence of 0% tokens of dimension d, where H and
W are the image height and width, and P is the patch size. To each image’s
token sequence t! € R %4 we additionally introduce a learnable camera token
t? € R4 and four register tokens ¢t € R**?. These multi-view features are
then processed through an Alternating Attention mechanism to produce the fi-
nal feature representation Flackbone- 1his mechanism captures both intra-frame
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Fig. 2: On-demand Gaussian generation. Temporally decayed backbone Gaussians are
reprojected into the current frame, where Gaussian attributes and generation confi-
dence are predicted using 2D features and photometric residuals. Static components
are voxelized and pruned via soft gating to update the scene backbone, while dynamic
components are voxel-wise aggregated for efficient scene representation.

and inter-frame interactions, effectively integrating information across different
views.

Camera Pose Estimation. Camera pose estimation is crucial for extending
sequence length, enabling cross-dataset deployment, and supporting novel view
geometry reconstruction. Following prior works , camera parameters
are predicted from the refined camera token using four additional self-attention
layers followed by a linear projection layer. The first camera coordinate system
is set as the reference frame, and thus its extrinsic parameters are fixed as the
identity transformation, i.e., the initial rotation quaternion is ¢; = [0,0,0, 1],
and the initial translation vector is t; = [0, 0, 0].

Depth and Dynamic Dense Prediction Heads. We leverage the depth maps
and estimated camera intrinsics and extrinsics to compute the spatial centers of
Gaussian primitives via back-projection. To enable differentiated reconstruction
of static and dynamic regions, we introduce a dynamic mask to decouple the
scene. Specifically, Fpackbone 1S processed by a Dense Prediction Transformer
(DPT) layer to generate dense depth maps, a dynamic mask My, and a
static mask My = 1 — Mg,. Based on this, the scene is decomposed into a
static component Gy = G ® M and a dynamic component G4 = G©® My,. Ad-
ditionally, the depth network also predicts a depth confidence Cgeptn, € R “Wio
characterize the uncertainty of depth estimation.

3.3 On-Demand Gaussian Generation and Confidence-Guided
Pruning

Error-Aware Gaussian Generation. This component is jointly implemented
by the depth map, error encoder and the Gaussian head, as illustrated in Fig. 2]
The error encoder is designed to extract photometric discrepancies between the
rendered outputs of existing Gaussians and the target observation at the current
time step. These residuals are subsequently mapped into high-dimensional fea-
tures to represent reconstruction deficiencies across different regions. The Gaus-
sian head is designed to leverage the joint features of reprojection residuals,
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DINO features, and Fyackbone to adaptively infer whether new Gaussian prim-
itives are needed in each region, and to regress their corresponding geometric
and appearance attributes. Specifically, we render the previously constructed
Gaussian primitives from the current viewpoint and compute the photometric
residual between the observed I and rendered images Iphist using the L; norm
and the Sobel gradient operator V,, formulated as:

E = ||Inist — 1|1 4 | VeTnist — VoI |1 (2)

An error encoder with three 3 x 3 convolutions then transforms this error
into a feature F,p,,. The DPT [25] layer integrates Feror, Fhackbone, and im-
age features to generate dense predictions, yielding both the Gaussian attribute
maps and the associated generation confidence C4. To suppress redundant gen-
eration, we encourage the Cy to clearly differentiate between valid and invalid
Gaussian primitives by driving its values toward a binary state. To achieve this,
we introduce a sparsity penalty in the optimization objective, which enforces a
bimodal distribution on the generation confidence map.

The validity mask is designed to help distinguish the first frame from subse-

quent frames during Gaussian generation. For the first frame, all regions are ex-
pected to generate corresponding Gaussian points to construct the initial scene.
For the following frames, Gaussian primitives should be generated on demand
based on the error features. To this end, we incorporate the validity mask into
the last layer of the DPT module to guide the model in distinguishing the two
patterns. Specifically, for the first frame, the generation confidence and validity
mask are set to Cg = 1 and Maiiq = 0, respectively. For all subsequent frames,
we set Myag = 1.
Dual-confidence Mechanism. Existing feedforward reconstruction approaches
typically retain all generated primitives without differentiation, which inherently
conflates the objectives of transient appearance fitting and persistent geometric
reconstruction. To address this, a dual-confidence mechanism is introduced to
decouple these competing objectives.

Specifically, the C, quantifies the necessity of capturing the current appear-
ance based on the magnitude of reprojection residuals. It is inversely related
to the ability of existing Gaussians to represent the current region. To extract
a stable persistent scene backbone from transient compensations and eliminate
redundant or outlier noise, we propose a reuse confidence C!. that integrates both
geometric and temporal cues. First, C, is coupled with depth confidence to en-
able geometry-aware modulation, formulated as Cq - (v 4 (1 — ) - Cgeptn). This
design aims to separate stable backbone primitives from temporary ones used for
short-term fitting. Over time, Gaussians with high reuse confidence decay slowly
and preserve consistent scene structures. In contrast, those with low reuse con-
fidence decay rapidly to prevent visual artifacts across different views. Based on
this principle, the final reuse confidence is defined as:

O = Omin + (1 - C::O) : (Umaa: - Umin)7 (3)

Cﬁ — e—ff'(t—i‘zo)7
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where C!° denotes the initial reuse confidence, ¢y and ¢ represent the timestamp
of Gaussian creation and the current frame, respectively. The parameters o,
and oy control the lifespan of a Gaussian, i.e., 0 € [Omin, Omax]-

Accordingly, Gaussian primitives are categorized into four groups: stable

backbone primitives (High C4, Low d,4), transient primitives for error compensa-
tion (High C,, High d4), redundant primitives in well-reconstructed regions (Low
Cy, Low d4), and noise-related outliers (Low Cq4, High d,4). Backbone primitives
decay slowly across multiple frames to maintain a stable scene representation,
while transient primitives undergo rapid decay and are gradually replaced by
their corresponding backbone primitives. Meanwhile, redundant primitives and
noisy points are removed. We decay the opacity of Gaussian primitives using
time-varying confidence scores to constrain their scope of influence. Compared
to DGGT [4] and STORM [42], the proposed method more reliably and efficiently
removes floating artifacts and preserves the scene backbone, thereby providing
a multi-view consistent scene representation.
Gaussian Pruning. To fuse multi-granular descriptions of the same object
across temporal sequences and suppress spatial redundancy, Gaussian merging
is implemented via differentiable voxelization. To further remove invalid regions
and improve robustness against resolution changes, we apply a soft gating strat-
egy for refined pruning. In this process, Gaussian primitives are organized into
different local clusters V. For each cluster, we compute a normalized weight w
based on the C!, allowing the model to identify and retain only the most reliable
primitives. Finally, the aggregated new Gaussian features (before activation) are
obtained as a weighted sum:

, exp(Ct )
F/, = 9¢ Fw (4>
" LT el

where g; — r denotes the reuse confidence of the i-th Gaussian within the local
cluster V.

To enable end-to-end optimization of the pruning process and bypass the in-
stability associated with non-differentiable hard thresholding, we employ a steep
sigmoid function as a differentiable soft gating mechanism. Formally, the pruning
mask is defined as Mune = Sigmoid (s - (CL — 7)), where s = 5 is a scaling factor
controlling the steepness of the transition, and 7 = 0.7 is the pruning thresh-
old. As s increases, this function approximates the Heaviside step function while
maintaining differentiability. To guide the network toward representing the scene
with a sparse set of high-confidence, multi-view consistent Gaussians, we intro-
duce both a distillation loss and a sparsity regularization term. During inference,
this step is replaced with hard pruning based on a fixed threshold.

3.4 Training

Reconstruction Loss. For the reconstruction objective, we employ an L loss
and the LPIPS perceptual loss [49] computed between the rendered image Ity
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and the observed image I.The RGB reconstruction loss can be formulated as

Legh = Ly, + M Lrprps. (5)

Dense Prediction Loss. For the dynamic head, we supervise the prediction
of dynamic maps using a binary cross-entropy loss Laynamic = BCE(Mgy, Mdy),
where My, denotes the predicted dynamic map and Mdy represents the corre-
sponding ground-truth (GT). Following VGGT [34], we fine-tune the depth head
using the regression loss L. The dense prediction loss can be formulated as:

Lip = AoLiynamic + A3Lreg- (6)

Sparsity Loss. For the generation confidence C4, we introduce a binarization
constraint to prevent the network from converging to ambiguous intermediate
states, and apply L regularization to avoid degeneration into dense pixel-level
Gaussian generation. Furthermore, we introduce a geometry-aware pruning reg-
ularizer, defined as Ly, = E[Cy(%, §)-Caeptn (4, j)]. This term guides the network to
prioritize the removal of redundant Gaussians in regions where depth estimates
are more reliable. Notably, the gradients for depth confidence are truncated,
ensuring that only the confidence values are updated during optimization.

Esparsity = )\4]E[Cg(1 - Cg)] + )‘SE[CQOGJ) : Sg(chPth(ihj))]’ (7>

where sg(-) denotes the stop-gradient operator.

Gaussian Distillation Loss. To balance reconstruction quality and represen-
tation compactness, we introduce a Gaussian distillation loss. By enforcing the
rendered result of the pruned salient subset Ip,une to approximate that of the
full set If,)1, the model is encouraged to concentrate meaningful texture and ge-
ometric information into a small number of key Gaussians. This ensures that
the pruned components contribute minimally to the final rendered image. This
process can be formulated as:

Zi,j Mst@vj) . ||Sg(Ifull(7;aj)) - Iprune(ia.j)Hl
3'21‘73‘/\4%(2‘;]')“‘6 7

where € is a small constant for numerical stability. The overall objective is defined
as:

(8)

Laistin =

»Ctotal = E'rgb + »Cdp + Esparsity + >\6£distill~ (9)

4 Experiments

4.1 Experimental Setup

Datasets. We train our model on the Waymo Open Dataset [28] and addi-
tionally evaluate its zero-shot generalization capability on the nuScenes [1] and
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Table 1: Quantitative comparisons. “ PGS ” stands for average number of per-view
Gaussians; “ N/A 7 indicates not applicable; “ - “indicates unavailable data.

Rendering Quality
PSNR1 SSIMT D-RMSE|

Method

Pos-free PGS Inference times(s)

EmerNeRF [43] 24.51 0.738  33.99 X N/A 14min
3DGS [16] 2513 0.741  19.68 X N/A 23min
PVG [6] 22.38 0.661  13.01 X  N/A 27min
DeformableGS [45] 25.29 0.761  14.79 X N/A 29min
LGM |30] 18.53 0.447 9.07 X 152292 0.06s
MVSplat [5] 20.56 0.697 10.13 X 152292 0.08s
NoPoSplat [46] 24.31 0.751 9.08 v 152292 23.22s
DepthSplat [41] 23.26 0.696 10.05 X 152292 0.11s
STORM [42] 26.38 0.794 5.48 X 152292 0.18s
EVolSplat |21] 23.34 0.68 - X 399074 0.10s
UniSplat [27] 27.82  0.83 - X 103984 0.18s
DGGT |4] 2741 0.846 3.47 v 152292 0.39s
VGGTH+ [34] 22.50 0.749 3.80 v 152292 0.24s
Ours 28.02 0.849 3.44 v 49556 0.16s

Argoverse2 datasets |38]. The full Waymo Open Dataset comprises 1,000 driving
log sequences, with the training split containing 798 scenes, each consisting of
approximately 190 to 200 frames, and the test split including 202 scenes that
cover challenging scenarios. To assess our method, we follow standard evalu-
ation protocols using peak signal-to-noise ratio (PSNR), structural similarity
index (SSIM) [36], and feature-level Learned Perceptual Image Patch Similarity
(LPIPS) [49] for images, as well as root mean square error for depth estimation
(D-RMSE). For rendering efficiency, we report frames per second (FPS) during
inference on the same hardware to ensure fair comparison.

Implementation Details. EAGS is implemented in PyTorch and optimized
using the AdamW [20] optimizer with a cosine learning rate schedule. The re-
maining heads are trained with a learning rate of 5 x 1075. The loss function
is composed of four terms, weighted by A\; = 0.05, Ao = 0.05, A3 = 0.0001,
Ay = 0.002, A5 = 0.005 and Ag = 0.25. The v, 05 and o,,mqq are set to 0.6, 0.05
and 1.5, respectively. During training, we randomly sample L = 4 input images,
spaced by an interval of 5 frames. The ground-truth dynamic masks are refined
using SegFormer [40]. We resize training and test images to 518 x294. The model
is trained for 4 epochs using two NVIDIA RTX 4090 GPUs. For evaluation, all
results are reported on a single NVIDIA A100 GPU to ensure fairness.

Baselines. We benchmark EAGS against a comprehensive suite of state-of-
the-art methods, categorized into three paradigms: (1) Per-scene optimization
approaches, including EmerNeRF [43], 3DGS [16], PVG 6], and DeformableGS
[45]; (2) Pixel-wise feed-forward models, such as LGM [30], MVSplat [5], No-
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UniSplat " DGGT EVolSplat Ours

Fig. 3: Qualitative results on the Waymo dataset. Compared with baseline meth-
ods that exhibit ghosting, inconsistencies, and blur, our approach maintains high-
fidelity reconstruction quality across multiple scenes and viewpoints.

PoSplat [46], DepthSplat [41], STORM and VGGT++ [34]; (3) Voxel-based
approaches, represented by EVolSplat [21], UniSplat .

4.2 Experimental Results and Analysis

Comparisons with SOTA methods. Tab. [I] and Fig. [3| present quantitative
and qualitative comparisons. Following DGGT, we train on the full Waymo Open
Dataset training split with 798 scenes and evaluate on the test split with 202
scenes. We use 4 input frames for reconstruction and assess novel view synthe-
sis on interpolation-generated intermediate frames, with metrics computed over
all frames. The experimental results reveal that existing pixel-level feed-forward
methods tend to produce a large number of redundant Gaussians, where over-
lapping and mutually interfering primitives adversely affect rendering quality.
Voxel-based approaches partially mitigate this issue by aggregating multi-view
information within voxel grids. However, they remain fundamentally limited by
grid resolution and do not fully resolve representation redundancy. In contrast,
EAGS achieves state-of-the-art rendering quality while requiring substantially
fewer Gaussians for scene representation. This improvement stems from our
model leveraging previously generated Gaussians as prior information, enabling
the sparse generation of new Gaussians on demand based on existing reconstruc-
tion results. This not only ensures the compactness of the scene representation
but also guarantees that every newly generated Gaussian contributes effectively
to the reconstruction quality.

Zero-shot Inference. To evaluate the generalizability, we evaluate various
methods on the unseen dataset, with the results summarized in Tab. [2| All
models are trained on the Waymo dataset without fine-tuning. Under this zero-
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Fig. 4: Visualization of generation confidence maps. Frames are shown in chronological
order from left to right. The Viridis colormap is used, where yellow indicates Gaussian
generation and purple denotes regions without Gaussians.

shot setting, the proposed method achieves the best performance, demonstrat-
ing strong cross-dataset generalization. While DGGT also produces competitive
results due to its strong backbone and pose-free design, our method shows supe-
rior generalization by effectively exploiting spatio-temporal correlations among
Gaussians across consecutive frames.

Visualization of Generation Confidence. To validate the "on-demand gener-
ation" design philosophy of the proposed scheme, we visualize the binarized gen-
eration confidence maps across four consecutive frames, as illustrated in Fig. [4]
For the initial frame of the sequence, the model is forced to generate all candi-
date Gaussians to initialize the scene, due to the absence of previously generated
Gaussians as geometric priors. In subsequent frames, the model only performs
supplementary generation based on the deficiencies of the established scene, re-
sulting in highly sparse confidence maps. Notably, we observe that the third
frame provides detailed supplements relative to the second frame. This can be
attributed to the rapid decay mechanism for low-confidence Gaussians, as well
as new generation requirements arising from the enhanced resolution of object
details as the viewpoint changes.

Robustness Analysis. The results are shown in Fig. [fland Fig.[6] These visual-
izations demonstrate the adaptability and robustness of our method in complex
dynamic scenarios. When dynamic occlusions occur, background regions that
are initially hidden become observable over time as foreground objects move. By
aggregating these complementary temporal observations, our method progres-
sively reconstructs previously occluded background areas. Moreover, when both
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Table 2: Quantitative Comparison under Zero-Shot Settings on nuScenes |1] and Ar-
goverse2 |38| datasets.

nuScenes Argoverse2
PSNR# SSIM1 LPIPS| PSNRt SSIM+ LPIPS,

MVSplat [5] 17.84 0.563 0.451 18.67 0.647 0.304
NoPoSplat [46] 19.75 0.545 0.394 22.00 0.646 0.237
DepthSplat [41] 19.52 0.601 0.376 22.05 0.636 0.280

STORM [42| 17.77 0.669 0.394 20.83 0.542 0.326

DGGT [4] 25.31 0.794 0.152 26.34 0.812 0.155

Ours 26.14 0.813 0.159 27.41 0.825 0.150

Method

the ego vehicle and surrounding vehicles are moving, our method can faithfully
reconstruct the scene and remove truly dynamic objects, even in the presence
of some false-positive dynamic predictions where static regions are incorrectly
labeled as dynamic and not retained as persistent anchors. In the FoV extrap-
olation setting, although slight viewpoint discrepancies may exist because both
methods are pose-free, our method still preserves stable object structures in out-
of-FoV regions, such as trees and vehicles. The black regions in the visualization
mainly correspond to occluded or insufficiently observed areas, which can be
further corrected by subsequent frames.

To further assess robustness, we introduce synthetic segmentation noise by
randomly flipping dynamic masks with a probability of 20%. The results show
that performance remains stable, with only a minor PSNR decrease of 0.12
dB. This result can be explained by the spatio-temporal aggregation and error-
aware mechanism, which together reduces reliance on single-frame mask accu-
racy and enables recovery from noisy predictions using consistent observations
across views and time. This experiment confirms the strong fault tolerance of
the proposed approach with respect to segmentation errors.

4.3 Ablation Study

In this section, we analyze the effectiveness of our key components on the Waymo
dataset. The ablation results are summarized in Tab.

Ablation Study of Gaussian Pruning. First, we perform ablation studies
on voxelization and the soft-gating mechanism to evaluate their roles in Gaus-
sian pruning. Results show that voxelization effectively aggregates Gaussians
with different confidence levels but is less effective at suppressing redundant
regions composed of low-confidence primitives. Although soft gating is more
effective at removing Gaussians, directly deleting them may disrupt potential
spatio-temporal associations, leading the model to sacrifice sparsity to maintain
PSNR. Furthermore, ablation on the depth-guided loss indicates that it encour-
ages compact representations in geometrically certain regions while adopting
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Dynamic Mask

Render Image Dynamic Rendering Static Rendering

Fig. 5: Robustness analysis. Note that in the dynamic mask, red regions indicate false-
positive segmentation, while green regions indicate correct segmentation. Consequently,
even when false-positive dynamic segmentation induce localized holes, the overall ren-
dering fidelity is virtually unaffected.

GT Render Image (Ours) Warped Image (Ours) ~ Warped Image (DGGT)

Fig. 6: Rendering results outside the current frame’s field of view.

a conservative strategy in ambiguous areas, thereby balancing reconstruction
quality and sparsity.

Ablation Study on Error Encoder. To evaluate the necessity of the Error
Encoder, we perform an ablation by removing this module, which restricts the
model to generating confidence scores for Gaussian primitives based solely on
the 2D image features of the current frame. Experimental results indicate that,
without the guidance of error information, the model tends to learn one-to-one
correspondences between individual pixels and Gaussian primitives. This pre-
vents the model from dynamically distributing Gaussians in accordance with the
actual requirements of scene reconstruction. Consequently, redundant Gaussians
suffer from mutual occlusion and spatial ambiguity, ultimately compromising re-
construction quality.

Ablation Study on Sequence Length. The results demonstrate that the
proposed method not only supports an arbitrary number of input views but also
maintains stable performance. Notably, the decrease in the average number of
Gaussians as L increases is reasonable. Unlike pixel-aligned methods, where the
number of primitives grows linearly with the number of frames, our approach
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Table 3: Ablation studies. “ w/o ” indicates that the module is removed.

|PSNR1|SSIMT|LPIPS}| PGS

w/o soft gating 27.43 | 0.812 | 0.169 | 89806
w/o voxelization 27.18 | 0.801 | 0.171 |104434
W/0 Lgp 27.83 | 0.834 | 0.167 | 62121
w/0 Laisti 13.04 | 0.464 | 0.437 | 26201

w/o error encoder 26.95 | 0.787 | 0.174 | 80229
Complete model (L=8) | 28.32 | 0.853 | 0.155 | 42836
Complete model (L=16)| 28.11 | 0.845 | 0.157 | 38794

Complete model (L=4) | 28.02 | 0.849 | 0.157 | 49556

leverages historical Gaussians as priors to generate new Gaussian primitives on
demand, resulting in a slower growth in the number of Gaussians.

Ablation Study of Gaussian Distillation Loss. Experimental results in-
dicate that removing the distillation consistency loss leads to a catastrophic
collapse of scene reconstruction. This failure fundamentally stems from the fact
that the model learns a joint representation of the scene as a collective ensemble
of all Gaussian primitives, coupled with a joint distribution of confidence and
opacity. Under this coupling mechanism, pruning Gaussians directly based on
confidence scores inevitably results in the erroneous removal of critical backbone
Gaussians, thereby triggering reconstruction failure. Additionally, we observe
that directly optimizing the photometric error between Ip,une and the ground
truth, rather than using distillation learning, tends to indiscriminately increase
the confidence scores of all Gaussian primitives to fit specific viewpoints. As a
result, the network degenerates into a trivial pixel-wise generation scheme.

5 Conclusion

This paper introduces an efficient feed-forward scheme for 3D Gaussian Splat-
ting, which aims to decouple and prune various Gaussians from the perspective
of long-term reusability, addressing the inherent limitations of pixel-aligned and
voxel-based paradigms. The proposed method incorporates error-awareness and
a dual-confidence guidance mechanism to achieve on-demand Gaussian gener-
ation and differentiable pruning, demonstrating superior performance. Due to
the stochastic and sparse nature of dynamic objects, we suppress redundancy
only within a single frame to avoid cumulative drift and maintain real-time re-
sponsiveness. In future work, we will explore the spatio-temporal correlation of
dynamic objects across multiple frames.
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