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Introduction
TL;DR: We propose a new Gaussian Splatting representation under 

Atlanta world assumption for indoor and urban surface reconstruction.
Previous Methods

Gaussian Based Methods (2DGS):
Fast training and rendering (< 1h)
Discrete representation leads to discontinuous Surfaces

NeRF Based Methods (MonoSDF):
Smooth but low refenquency
Hours for training (> 7h)

Both suffer from multiview inconsistency of monocular geometry priors
Ours:

Implicit-Structured GS: Combines MLP smoothness with Gaussian details.
Structural Priors: Atlanta-world guided regularization fixes Multiview
inconsistency.
SOTA Performance: Fast training (< 30 mins) with accurate geometry.

(a) Implicit Structured Gaussian Splatting
We construct a sparse feature grid 𝒱 and decode attributes for 𝐾

local Gaussians at voxel 𝑣 via geometry and semantic MLPs ℳ!,ℳ"
<latexit sha1_base64="JkJQTDSadonnXfLyjSOKNRLp2VY="></latexit>

{ωk, sk, qk, ck} = Mg(Vg(v), d), zk = Ms(Vs(v))

pk = v + l ·!k

Differentiable rasterization renders attributes (color 𝐶, depth 𝐷,
semantics 𝑍):
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(b) Atlanta-world Guided Planar Regularization We model the scene 
with Atlanta-world assumption (gravity 𝑛! and offsets 𝑑):
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ωfloor : df + ng · p = 0, ωceiling : dc → ng · p = 0

We enforce global structure via 3D Global ℒ#$and 2D Local ℒ%$ regularize-
tion:

<latexit sha1_base64="+O2wE7ov74oa0KP4aTMxf1ZY4iU="></latexit>

L3D =
∑

p→(1→ |n↑
g ni|) +

∑
p↓|n↑

g ni|
︸ ︷︷ ︸

Normal Alignment

+
∑

pc|dc → n↑
g pi|+

∑
pf |df + n↑

g pi|
︸ ︷︷ ︸

Planar Constraint
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L2D =
∑

pw|Nd · ng|+
∑

pc,f (1→ |Nd · ng|)
where 𝑝∥, 𝑝', 𝑝(, 𝑝), 𝑝* are probabilities for parallel, perpendicular, 
ceiling, floor, and wall regions.

(c) Optimization The framework is jointly optimized with photometric 
loss, semantic supervision, and monocular geometry priors (depth -𝐷 and 
normal -𝑁):
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L = Lrgb + ωsemLsem + ωregLreg + ωprior(Ldepth + Lnormal)

Figure 2: Qualitative comparison of indoor scene reconstruction.
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Figure 1: Overview of AtalsGS.

Dense posed Images of the Scene, 
like indoor scenes and city scenes.
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Figure 3: Qualitative comparison of outdoor scene reconstruction.

Table 3: Quantitative comparison of on Matrix City.

Quantitative Results of Surface Reconstruction
Table 1: Quantitative comparison of on indoor scenes.

Table 2: Quantitative comparison of on ScanNet.

Qualitative Results of Surface Reconstruction
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