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Figure 1. QuickSplat performs surface reconstruction of large indoor scenes from multi-view images as input. We learn strong priors
for initialization of gaussian splatting optimization for surface reconstruction, as well as for per-iteration joint densification and gaussian
updates. This results in high-quality mesh geometry that more accurately models flat wall structures as well as object details, while
optimizing significantly faster than baselines.

Abstract

Surface reconstruction is fundamental to computer vision
and graphics, enabling applications in 3D modeling, mixed
reality, robotics, and more. Existing approaches based
on volumetric rendering obtain promising results, but op-
timize on a per-scene basis, resulting in a slow optimiza-
tion that can struggle to model under-observed or texture-
less regions. We introduce QuickSplat, which learns data-
driven priors to generate dense initializations for 2D gaus-
sian splatting optimization of large-scale indoor scenes.
This provides a strong starting point for the reconstruction,
which accelerates the convergence of the optimization and
improves the geometry of flat wall structures. We further
learn to jointly estimate the densification and update of the
scene parameters during each iteration; our proposed den-
sifier network predicts new Gaussians based on the render-
ing gradients of existing ones, removing the needs of heuris-
tics for densification. Extensive experiments on large-scale
indoor scene reconstruction demonstrate the superiority of
our data-driven optimization. Concretely, we accelerate
runtime by 8x, while decreasing depth errors by 48% in
comparison to state of the art methods.

1. Introduction

Surface reconstruction of large, real-world scenes is a key
problem in computer vision and graphics. Reconstructing
high-quality surfaces is essential to many applications, such
as creating effective virtual environments that support phys-
ical reasoning, enabling accurate simulations, and imbuing
robots with crucial knowledge for navigation and interac-
tion. In particular, achieving both high fidelity as well as
efficient and fast reconstruction for large scenes remains a
difficult problem.

Recently, 3D Gaussian Splatting (3DGS) [27] achieves
photorealistic novel-view-synthesis from multi-view im-
ages as input. It parameterizes a scene as a set of Gaussian
primitives that are initialized from SfM and subsequently
optimized and densified using reconstruction losses and a
differentiable volumetric renderer. Subsequent works ex-
tend 3DGS to also obtain accurate surface reconstructions
[9, 22, 25, 46, 55]. However, these methods typically opti-
mize each scene separately, i.e., many iterations of gradient
descent are required, which can take over 30 minutes for
large-scale indoor scenes [52]. Additionally, the surface is
only optimized from the observed input images, but captur-
ing sufficiently many diverse images remains challenging
for large scenes. The resulting geometry may thus contain
missing or deformed regions where there is less view cov-
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erage or texture information.
To this end, we propose a novel generalized prior for

3D surface reconstruction. It combines high-fidelity re-
constructions based on 2D Gaussian Splatting (2DGS) [25]
with the advantages of learning reconstruction priors from
data. Concretely, we improve the efficiency of key elements
of the optimization: initialization, Gaussian updates, and
densification. This allows us to drastically accelerate the
per-scene optimization time (Fig. 1, right). Our priors also
guide the optimization towards high-quality indoor-scene
geometry and thus overcome limitations stemming from in-
sufficient observations or textureless regions (e.g., floating
artifacts or non-straight wall geometry). In comparison,
our reconstructions show higher quality than state-of-the-
art baselines (Fig. 1, left).

We learn several sparse 3D CNN-based networks that
jointly produce Gaussian parameters from the input posed
multi-view images. Our initializer densifies the input SfM
point cloud, which enables completing large holes in unob-
served or textureless regions of a scene. We then propose
a novel densification-optimization scheme, that grows new
Gaussians and predicts update vectors for existing Gaus-
sians. Similar to gradient-descent optimizers, we iteratively
improve the Gaussians by repeating this scheme multiple
times. Finally, we extract the surface from the converged
2D Gaussian primitives using TSDF fusion from rendered
depth maps. We demonstrate that our method accurately re-
constructs large-scale, real-world indoor environments with
arbitrary many views as input. Extensive experiments on
the ScanNet++ dataset [52] verify that QuickSplat recon-
structs higher-quality geometry 8x faster than baselines.
To summarize, our contributions are:
• We propose a learned, generalized initializer network,

that leverages scene priors to create effective Gaussian
initializations for more efficient and accurate 3D surface
reconstruction optimization, especially in under-observed
or textureless areas of a scene.

• We employ learned, generalized priors in a densification-
optimization loop, that jointly predict 2DGS updates and
new densification locations. This heuristic-free optimiza-
tion converges significantly faster and obtains more con-
sistent geometry for large-scale scene reconstructions.

2. Related Work

2.1. Novel view synthesis
Novel view synthesis (NVS) has received significant atten-
tion in recent years [1, 3, 23, 27, 33, 34, 42]. NeRF [33]
renders photo-realistic images by optimizing an MLP-based
scene representation with differentiable volumetric render-
ing. Later, explicit or hybrid representations improved on
optimization runtime [7, 20, 34, 40, 48]. 3DGS [27] further
enables rendering at real-time rates by rasterizing explicit

Gaussian primitives. Recent methods improve the per-scene
optimization spped of 3DGS by changing the underlying
differentiable rasterizer, optimizer, or densification strategy
[15, 18, 24, 31]. Others learn a data-prior for sparse-view
reconstruction and predict the Gaussian primitives from a
feed-forward network [6, 8, 11, 47, 56, 59]. We similarly
train a data-prior that reconstructs Gaussian primitives in
a feed-forward fashion. However, we are not limited to a
sparse-view setting and focus on reconstructing better sur-
face geometry.

2.2. 3D reconstruction
Reconstructing the 3D surfaces from multi-view image ob-
servations is a long-standing goal in computer vision. Clas-
sic or neural approaches based on multi-view geometry re-
construct point clouds or mesh geometry in a multi-step
pipeline based on feature matching, triangulation, and fu-
sion [5, 13, 21, 38, 43, 50, 53, 57]. Recently, NVS-based
methods were extended to model accurate geometry and al-
low extracting surfaces after training through the Marching
Cubes algorithm [22, 25, 29, 35, 44, 51, 55]. Our method
lies in between these two directions. We similarly train
a neural network to predict surface geometry faster than
optimization-based methods. By formulating learned pri-
ors for the initialization, densification, and optimization up-
dates of a 2DGS scene representation, we achieve improved
surface reconstruction with fast runtimes.

2.3. Meta learning
Predicting 3D surfaces with neural networks in a feed-
forward fashion typically means a single feed-forward pass
produces the output. In contrast, meta learning mod-
els the iterative optimization process with neural networks
[2, 19, 28, 45]. Inspired by this, we frame surface recon-
struction in an iterative optimization pipeline where a neu-
ral network produces the update steps. Recent methods
that model implicit functions with coordinate-based net-
works successfully leverage meta learning to improve the
efficiency of their optimizations [39, 41]. Most related to
ours is G3R [10], which reconstructs 3DGS primitives from
multi-view RGB and dense LiDAR observations. Their op-
timizer network iteratively refines the parameters of the 3D
Gaussians, that are initialized from the LiDAR scan of the
environment. We leverage a similar optimizer, but addition-
ally learn initializer and densifier networks. This allows us
to reconstruct surfaces, even for sparsely observed regions
of multi-view image input.

3. Method
Our method reconstructs the surface of large-scale indoor
scenes from posed images as input. Specifically, we predict
the attributes of 2D Gaussians [25] with a novel network
architecture in a feed-forward fashion (Sec. 3.1). First, we
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Figure 2. Method overview. From the SfM points of input multi-view images, our initializer network predicts an initial set of Gaussians
G0. We then learn priors to improve the Gaussians during a series of optimization update steps in an iterative fashion. First, we calculate
the current rendering gradients ∇Gt using all the training images. The densifier network then predicts additional Gaussians around the
existing set of Gaussians Gt. Finally, the optimizer network predicts an update vector ∆Gt, that we apply to create Gt+1.

initialize the scene representation from the SfM point cloud
using our initializer network (Sec. 3.2). Then, we incremen-
tally improve the Gaussians in our proposed densification-
optimization loop (Sec. 3.3). Concretely, we predict update
vectors of scene parameters with an optimization network
and grow new Gaussians with a densifier. We summarize
our method in Fig. 2.

3.1. Surface Representation
We adopt 2D Gaussian Splatting (2DGS) as our scene rep-
resentation [25], which allows us to model high-quality
surfaces. Concretely, we use a set of Gaussian primitives
G={gi}Ni=1 where each Gaussian gi∈R14 is parameterized
by its 3D position, scale, and rotation, a scalar opacity and
diffuse RGB color. To render a scene from a given view-
point, 2DGS computes the ray-splat intersection between
all primitives and rays originating from the camera’s im-
age plane. Then, a pixel color c for ray x is rendered using
alpha-blending along the depth-sorted list of splats:

c(x) =
∑
i∈N

ciαiTi, with Ti =

i−1∏
j=1

(1− αj), (1)

where ci is the color of the i-th splat along the ray, Ti is the
accumulated transmittance, and αi=oig

2D
i (u(x)) the prod-

uct of opacity oi and the 2D Gaussian value at the inter-
section point u(x). The Gaussians can be optimized with
rendering losses against observed image colors C:

Lc(x) = 0.8||c(x)−C||1 + 0.2(1−SSIM(c(x), C)). (2)

Regularizers like normal, or distortion loss [4] are also ap-
plied in addition to Lc. After optimization, a mesh surface
is extracted by rendering depth maps from all training views
and running TSDF fusion.

We propose to predict G with neural networks instead of
optimizing the primitives directly with gradient descent. To
this end, we align the Gaussian primitives with a grid struc-
ture to facilitate predictions, similar to [30, 36]. Specifi-
cally, we discretize the scene into a sparse set of 3D voxels
of size vd and assign a latent feature f∈R64 to each voxel.
Our networks predict the features of these sparse voxels. We
then decode them into vg Gaussian primitives with a small
MLP. Next, we explain the architecture of our networks in
more detail.

3.2. Initialization Prior

The first step in our method is to create an initialization of
all Gaussians G. Following 2DGS, we initialize the primi-
tives from the SfM point cloud and voxelize them to align
with our grid structure. This results in a sparse set of Gaus-
sians, that does not yet represent a continuous surface, but
rather contains many empty regions (e.g., SfM struggles
to reconstruct points in textureless areas like walls). We
thus instead increase surface density by predicting addi-
tional primitives around the existing ones. Concretely, we
train an initializer network θI that predicts additional voxel
features. Inspired by SGNN [14], this network comprises
sparse 3D convolutions in an encoder-decoder architecture.
Through a series of dense CNN blocks in the bottleneck
followed by upsampling layers, the density of sparse voxels
is gradually increased. An occupancy head acts as thresh-
old to determine if a voxel should be allocated in the next
higher resolution or not. In contrast to SGNN, which pro-
duces sparse voxel outputs, we employ a decoder MLP to
interpret the densified voxel latent features as output Gaus-
sian primitives. This employs different activation functions
for each Gaussian attribute. The position gc∈R3 is defined
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relative to the voxel center vc∈R3 as:

gc = vc + R(2σ(x)− 1) (3)

where R=4vd defines the radius around the voxel in which
the Gaussian primitive can live and σ denotes the sigmoid
function. Inspired by the reparameterization trick in Pixel-
Splat [6], the opacity go∈R is the occupancy after the last
upsampling layer. This allows rendering losses to backprop-
agate to the upsampling layers, controlling which points to
keep in the last upsampling process. We utilize common
functions for the remaining parameters to convert the out-
puts into the desired value ranges. Specifically, we utilize
the softplus function for the scale parameters, sigmoid for
the colors and we normalize the rotation quaternion vector.

We supervise the initializer network with multiple losses.
First, the rendering loss Lc (Eq. (2)) provides supervision
about the quality of the predicted Gaussians. However, it
does not provide signal for empty regions. In other words,
the initializer should densify the Gaussians and close any
holes, but the rendering loss does not backpropagate to
empty voxels. To this end, we also supervise the occu-
pancy of the voxel grid against ground truth geometry. We
train the network on scenes from ScanNet++ [52], which
contain mesh geometries from laser scans. This allows us
to compute an occupancy loss Locc before every upsam-
pling layer of the SGNN architecture. It comprises a binary
cross-entropy loss on the occupancy of each voxel. This
provides additional signal where new voxels should be al-
located. Furthermore, we calculate a depth loss Ld, which
measure the L1 distance between rendered depth and depth
of the mesh for all training views. Additionally, to make
the 2D Gaussian “disk” more aligned with the ground-truth
surfaces, we supervise the per-Gaussian normals ng against
the mesh geometry. The normal of a primitive is defined
as the direction perpendicular to 2D disk. We compare this
against the mesh normals nm using cosine similarity:

Ln = 1− nT
gnm (4)

The total loss for initializer training is then
L(θI)=Lc+Ld+Locc+0.01Ln+10Ldist where Ldist de-
notes the distortion loss [4, 25].

3.3. Iterative Gaussian Optimization
The initializer network predicts denser Gaussians from the
SfM points as input. While the network is supervised with
a rendering loss, its input is only the geometry, i.e., the
(colored) SfM points. To further improve the surface re-
construction, we aim to also include information about the
quality of the current Gaussian primitives in the input.

Concretely, we render the training images and compute
the gradients of the rendering loss Eq. (2) with respect to the
latent voxel features, accumulated across multiple views.
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Figure 3. Importance sampling of densified Gaussians. Top:
the densifier network predicts a pool of additional voxel features
in an encoder-decoder architecture from the current Gaussians and
their gradients as input. Bottom: to enable tractable memory dur-
ing training, we select a subset of new Gaussians to densified.
We apply importance sampling weighted by the occupancy pre-
dictions of the upsampled voxels. Since these occupancy values
are then being used as the opacity of the densified Gaussians, this
design encourages it to sample more “solid” Gaussians that are
then passed along for the optimization updates during training.

For the ease of explanation, we denote this quantity, with
a slight abuse of notation, as ∇G. This gradient contains
the signal indicating how the Gaussians should be adjusted
to improve.

Optimizer Inspired by G3R [10], we learn an optimizer
network θO, that predicts updates for all voxels from
{G,∇G} as input. In other words, we learn the function
fθO (Gt,∇Gt, t) = ∆Gt, where ∆Gt denotes the predicted
update for all latent voxel features. Similar to G3R [10], we
frame this process over multiple timesteps t, i.e., we itera-
tively calculate ∇Gt, predict ∆Gt, and update our represen-
tation as Gt+1=Gt +∆Gt. We utilize a sparse 3D UNet ar-
chitecture [12] for θO. We normalize its output to lie within
[−1, 1] to ensure that the updates do not overshoot.

Densifier Our optimizer network predicts updates on a
sparse voxel grid. Although the sparse SfM point cloud gets
densified by our initializer, it may still contain holes. These
holes in the surface reconstruction may never be filled by
θO, since its predicted updates can only move Gaussians
around the voxel centers, but never allocate new voxels.
Empirically, we find that these holes notably reduce surface
reconstruction quality (see Tab. 2).

To this end, we introduce another learnable component,
the densifier network θD, that predicts additional voxel fea-
tures in free space. It follows the design of the initial-
izer network θI with the following key differences. First,
we provide ∇G and t as additional inputs, i.e., we learn
the function fθD (Gt,∇Gt, t)=Ĝt, where Ĝt denotes the pre-
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dicted, additional voxel features. This enables using re-
gions with large gradients to inform possible locations for
densification. Second, we constrain the locations of addi-
tional voxels to be neighboring to the existing ones, by us-
ing no dense blocks in the bottleneck. We empirically find
this more effective, as it better constrains where additional
Gaussians should be grown.

Lastly, instead of predicting arbitrary number of new
Gaussians, we perform importance sampling (see Fig. 3)
to control their number and memory usage during train-
ing. The key idea is to prioritize selecting new “solid”
Gaussians to grow among other candidates generated by the
decoder, since they contribute more to the surface geom-
etry, which means selecting Gaussians with higher opac-
ity values. By leveraging the reparameterization trick (i.e.,
interpreting occupancy as opacity), we can sample addi-
tional voxels weighted by the occupancy prediction after
the last upsampling layer. We define the number of vox-
els that can be added in the current iteration as n(t)=s/(2t)
with s=20K. In other words, we densify more for earlier
timesteps and then gradually reduce the number of new vox-
els. During test time, we simply select top n(t) voxels from
the occupancy prediction.

The benefit of this method is that it avoids designing a
densification strategy based on heuristics [17, 27, 31, 37].
By training the densifier network end-to-end with the opti-
mizer, we instead learn to map the current state of Gaussians
and their gradients into new, high-contribution Gaussians.

Densification-Optimization Loop We utilize both net-
works, θD and θO, in our proposed densification-
optimization loop, that grows and improves the latent voxel
features over multiple timesteps. First, we decode the vox-
els into Gaussian parameters, render all training images, and
calculate ∇Gt. Then, the densifier predicts additional voxel
positions Ĝt. We concatenate the existing and novel voxel
features as Ḡt=Gt ∪ Ĝt and initialize the gradient of novel
voxels with zeros to similarly obtain ∇Ḡt. The optimizer
then predicts the update ∆Ḡt and we obtain Gt+1=Ḡt+∆Ḡt.

End-to-End Training We jointly train the densifier and
optimizer networks in our second training stage. The ini-
tializer network θI remains frozen during this stage. We
similarly calculate Locc(θD) on the intermediate upsam-
pling layers of the densifier. Additionally, we decode the
updated voxel features Gt+1 into Gaussians and calculate
the rendering loss L(θO)=Lc+Ld+10Ldist. We run the
densification-optimization loop for T=5 timesteps and cal-
culate the losses after each timestep. Similarly to G3R
[10], we detach the gradient of the losses for the subsequent
timesteps, i.e., we optimize them separately.

4. Experiments

Dataset We train and evaluate our model on the ScanNet++
dataset [52]. We utilize 902 indoor scenes for training, after
filtering out some scenes with incomplete wall structures or
very large bounding extents. We train on the undistorted
DSLR images at 360 × 540 resolution and double the res-
olution during evaluation to process images at 720× 1080.
We evaluate our method on 20 unseen test scenes and report
averaged metrics.

Implementation Details We set vd=4cm and predict vg=2
Gaussians per voxel in all our experiments. The initial-
izer and densifier network use four up/downsampling lay-
ers, and the optimizer UNet architecture follows G3R [10].
In total the networks have around 68M parameters. We set
the learning rate to 1e−4 and train the networks for 3 days
on a single Nvidia RTX A6000. In each iteration, we ac-
cumulate the gradients ∇G from 100 training images. After
running our iterative optimization for t=5 timesteps, we op-
tionally refine the Gaussians for another 2000 steps of gra-
dient descent (without adaptive density control). We denote
results of our method as “w/ opt” that use this refinement
and as “w/o opt” if they do not use it.

Baselines We compare our method with several re-
cent 3D surface reconstruction approaches: SuGaR [22],
2DGS [25], GS2Mesh [46], PGSR [9], and MonoSDF [54].
SuGaR optimizes 3DGS [27] and regularizes the Gaussians
to align with surfaces, followed by mesh extraction using
Poisson surface reconstruction. Similarly, GS2Mesh also
begins by optimizing 3DGS, then renders stereo pairs and
predicts depth maps using an off-the-shelf stereo depth es-
timator (i.e., DLNR [58]). 2DGS optimizes and densifies
flat 2D Gaussians using gradient descent in a per-scene
optimization lasting 30K iterations. PGSR renders unbi-
ased depth maps from flattened 3D Gaussians and intro-
duces both single-view and multi-view regularization losses
to improve geometric reconstruction. MonoSDF lever-
ages monocular depth and normal priors from a pre-trained
model [16] to optimize the signed distance field (SDF) us-
ing differentiable volumetric rendering.

Metrics To evaluate the quality of the reconstructed geom-
etry, we measure the error between rendered depth and the
ground-truth depth maps of ScanNet++ testing frames. We
calculate the absolute error, as well as the accuracy within
different thresholds (2cm, 5cm, 10cm). We also calculate
the Chamfer distance between the predicted and ground-
truth mesh vertices. We crop the predicted vertices outside
of ground-truth bounding box to prevent from penalizing
false negative predictions outside of windows. Addition-
ally, we report the optimization runtime in seconds.
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Method Abs err↓ Acc (2cm)↑ Acc (5cm)↑ Acc (10cm)↑ Chamfer↓ Time↓
SuGaR [22] 0.2061 0.1157 0.2774 0.4794 0.2078 3130s
2DGS [25] 0.1127 0.4021 0.6027 0.7422 0.2420 1796s
PGSR [9] 0.2325 0.4795 0.6407 0.7496 0.2228 2593s
GS2Mesh [46] 0.1212 0.4028 0.6039 0.7406 0.2012 973s
MonoSDF [54] 0.0569 0.5774 0.8006 0.8850 0.1450 >10h

Ours (w/o opt) 0.0732 0.5263 0.7674 0.8583 0.1461 26s
Ours (w/ opt) 0.0578 0.5783 0.8035 0.8887 0.1347 124s

Table 1. Quantitative comparison against baselines. We compare the quality and optimization runtime of our reconstructed surfaces
against baseline methods, and show averaged results on the test scenes in ScanNet++ [52]. Both our method without post-training (“w/o
opt”) and with additional SGD iterations (“w/ opt”) obtain better geometry while achieving orders of magnitude faster runtime.

# Initializer Densifier Optimizer Abs err↓ Chamfer↓ #Gaussians

(a) - -
√

0.1332 0.2881 47k
(b) occ only -

√
0.0897 0.2095 276k

(c) occ only
√ √

0.0844 0.2038 361k
(d)

√
-

√
0.0581 0.1374 184k

(e)
√ √ √

0.0578 0.1347 251k

Table 2. Ablation study. We ablate the impact of our learned priors for initialization, densification, and optimization updates. Only using
our optimizer network does not increase the number of Gaussians and thus struggles to model continuous surfaces (a). Densifying the SfM
point cloud, instead of predicting initial Gaussian parameters results in less accurate geometry (“occ only”). The densifier further increases
the number of Gaussians, which helps to further improve surface quality.

4.1. Comparison to State of the Art
Experimental results on ScanNet++ are shown in Tab. 1 and
Fig. 4. In general, our proposed QuickSplat achieves better
performance: it reconstructs scenes with cleaner structures
and flat surfaces that matches the ground truth compared
to the baselines while maintaining similar level of details.
Most importantly, via the learned initializer and densifier-
optimizer, our method converges much faster.

Compared to SuGaR [22], 2DGS [25], and PGSR [9],
which are optimized per scene using rendering losses, our
method additionally leverages learned geometry priors from
data. This is particularly useful in indoor environments,
which often contain large textureless regions (e.g., white
walls). Methods that rely solely on photometric errors may
struggle in these areas (see Fig. 4 for examples), and there-
fore produce curved surfaces and floating artifacts. In con-
trast, our learned initializer network predicts a relatively
dense Gaussian initialization, effectively addressing the is-
sue of missing SfM points in textureless regions.

Similar to our approach, GS2Mesh [46] also utilizes ge-
ometry priors learned from data (i.e., from a pretrained
stereo estimator). However, since synthesized views from
3DGS may not be as realistic as actual images, a notice-
able domain gap exists for stereo depth estimators when the
renderings contain noise. This can lead to high-frequency
artifacts in the reconstructed geometry (see Tab. 1). In con-

trast, our method learns scene priors directly in the Gaussian
representation space, allowing it to perform more robustly
under such conditions.

Our method matches MonoSDF in accuracy
while running substantially faster. Moreover, unlike
MonoSDF—which sometimes produces overly smooth
surfaces and misses fine structures (e.g., the ladder in
Fig. 5) when the monocular depth or normal estimator fails
to capture thin geometry—our approach better preserves
fine details.

After the iterative Gaussian optimization with our
learned prior networks (w/o opt), QuickSplat can further
improve the geometry quality by running short iterations of
post-training (w/ opt). It is especially beneficial for improv-
ing fine details, which results in 5% increase in Acc (2cm).
Nevertheless, even without additional per-scene optimiza-
tion, we significantly reduce the runtime while maintaining
state-of-the-art performance.

4.2. Ablations
Our method combines three data prior networks in an iter-
ative fashion (Fig. 2). We demonstrate the importance of
each individual component.
Only optimizer network Without the initializer and the
densifier, the optimizer network relies solely on sparse SfM
point clouds. Since it has no ability to generate additional
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SuGaR 2DGS GS2Mesh Ours GT

Figure 4. Qualitative comparison against baselines. We show top-down views of reconstructed mesh geometries (with and without
vertex colors) in comparison to the ground-truth meshes of ScanNet++ [52]. Our method more accurately models flat wall structures and
objects details, while producing fewer floating geometry artifacts.

Gaussians, it is hard to accurately represent the surface ge-
ometry. As shown in Tab. 2 (a), the number of Gaussians re-
mains too low, making the performance significantly worse.
An example of the output can be seen in Fig. 6 (a), where

it struggles to model reasonable surfaces (e.g., the walls are
bent and noisy).

Importance of the initializer To evaluate the effect of
the initializer, we train a network that predicts dense point
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MonoSDF Ours

Figure 5. Qualitative comparison between MonoSDF [54] and
ours. Our QuickSplat achieves faster reconstruction and retains
more fine details. For example, MonoSDF fails to reconstruct the
ladder since the pretrained depth/normal estimator misses it.

(a) w/o initializer & densifier (b) w/o densifier (c) full model (d) GT

Figure 6. Visualization of ablations. (a) Without our initializer
and densification priors during optimization, surface reconstruc-
tion of untextured regions such as walls is challenging due to the
lack of SfM points. (b) With our initializer but without densifica-
tion predictions, reconstruction improves, but maintains smaller-
scale artifacts around regions with holes or excess geometry. (c)
Our full model produces a robust reconstruction of the scene while
achieving fast optimization runtimes.

clouds from SfM points and supervise it only with Locc (re-
ferred to as “occ only” in Tab. 2). In contrast, our full ini-
tializer predicts dense points with 2DGS attributes directly.
Since the occupancy-only initializer has no knowledge over
the Gaussian representation and their rendering quality, the
performance is worse than our proposed initializer (see (b)
vs. (d) and (c) vs. (e) in Tab. 2).

Importance of the densifier We compare the reconstruc-
tion performance with and without the proposed densifier.
As can be seen in Fig. 6 (b) vs. (c), even with the dense ini-
tialization, the densifier is able to fill the remaining holes
and predict new Gaussians adaptively, based on the cur-
rent state of the Gaussian representation and their gradi-
ents. Therefore, it further improves the geometry details,
such as the stairs at the corner. As shown in Tab. 2 ((b) vs.
(c) and (d) vs. (e)), this results in a noticeable performance
improvement.

Gaussian attributes initialization We further investigate
the effect of predicting only a subset of the Gaussian at-
tributes in our initializer. It can be seen in Tab. 3 that ini-
tializing each attribute of the Gaussian representation con-
tributes to improvements. Therefore, we used all four addi-
tional Gaussian attributes for QuickSplat (next to predicting
the position).

Color Opacity Scales Rotation Abs err↓ Chamfer↓
√

0.0627 0.1500√ √
0.0600 0.1421√ √ √
0.0590 0.1402√ √ √ √
0.0578 0.1347

Table 3. Initializer output ablation study. We evaluate the im-
pact of predicting different Gaussian attributes from the SfM point
cloud with our initializer network. Predicting all attributes results
in the best final surface reconstruction quality.

4.3. Limitations
Our method accelerates optimization runtime by 8x and ob-
tains more accurate surface reconstructions from posed im-
ages in comparison to baselines. However, some drawbacks
remain. First, our method struggles with mirror reflections,
since the photometric loss encourages to reconstruct the re-
flected geometry behind the mirror, which leads to noisy
artifacts. Second, we assume static environments and there-
fore cannot reconstruct dynamic scenes (e.g., people walk-
ing inside of a room). Lastly, even though we significantly
reduce optimization runtime, our method does not yet re-
construct in real-time, but could be integrated with recent
SLAM-based approaches [26, 32, 49].

5. Conclusion
We have presented QuickSplat, which learns several data
priors to perform surface reconstruction optimization of
large indoor scenes from multi-view images as input. By
framing the optimization with learned prior networks for
initialization, densification, and optimization updates of 2D
Gaussian splats, we significantly accelerate surface recon-
struction speed by 8x in comparison to baselines. Further-
more, we demonstrate that incorporating data-priors helps
reduce artifacts caused by insufficiently many observations
or textureless areas, that typically occur in large-scale scene
reconstructions. That is, our initializer network densifies
the input SfM points by exploiting learned geometry priors
(e.g., flat wall structures). Then, our proposed densification-
optimization loop refines the Gaussian attributes through a
series of predicted update steps. Overall, we believe that
the ability to utilize data-priors for fast and state-of-the-art
reconstructions will open up further research avenues and
make surface reconstructions more practical across a wide
range of real-world applications.
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