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Abstract
Many indoor applications, such as mobile navigation and interior
redesign, require the 3D model of the scene to structurally reflect
the reality. We study the problem of 3D completion for atrium scene,
i.e., a large and visually consistent multi-storey indoor space, given
its sitemap (composed of the layout of each floor) and possibly
an incomplete 3D model of the site. Existing approaches either
consider no structural constraint or assume a cellular layout of
independent rooms and regions, and hence cannot be extended to
the atrium case. We propose SiteBuilder, a novel sitemap-grounded
framework to complete the 3D atrium scene. SiteBuilder first trans-
forms the sitemap into a bootstrap mesh to extract the geometry
and appearance information, based on which along with the key
frames rendered from the incomplete 3D model (if any), it then
completes the scene using conditional video diffusion. We conduct
extensive experiments on many complex atrium sites, and show
that SiteBuilder, through integrated and well-guided generation,
produces realistic complete 3D scenes that are globally consistent
and structurally correct.
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1 Introduction
We consider 3Dmodeling of a physical atrium scene, i.e. a large seam-
less indoor site connected by floors. Examples of atrium include
shopping mall, museum, and convention center. The 3D atrium
scene, represented usually as point cloud, 3D gaussian splatting or
NeRF, is fundamental for many indoor applications such as naviga-
tion, simulation and interior redesign.

Given possibly an incomplete (or partial) 3D model of the site,
we study the novel problem of building a 3D atrium scene that is
complete (covering the entire site), realistic (structurally faithful),
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Figure 1: SiteBuilder generates atrium 3D scenes that are
both structurally correct and visually consistent.

and globally and visually consistent (coherent and integrated). Since
the structure of an atrium has been captured by a sitemap, defined as
the collection of the layout of each floor (the so-called "floorplan"),
we adopt it in our work to guide the generation of the missing
geometry and appearance.

Many existing methods on 3D modeling assumes no structural
constraint [6, 14, 16, 21, 35–37, 48, 49, 51, 65, 66], and hence the 3D
scene generated does not reflect the reality. Some others mainly as-
sume cellular-layout scenes [1, 5, 8–11, 13, 34, 44, 52, 58], where the
site is essentially a simple concatenation of independent enclosed
rooms or regions, and the 3D scene is completed by generating each
small space individually. Note that atrium scenes are fundamentally
different. They are typically larger in scale and more complex in
structure, containing connected open spaces that span multiple
regions or floors. This integrated spatial characteristic makes it
difficult to be decomposed into independent local units. As a result,
directly applying previous methods to atrium scenes likely result
in global inconsistency, especially around large open areas and
cross-floor connections, as demonstrated in Figure 1. Generating
3D atrium scene still remains an open and challenging problem.

In order to complete the 3D scene of an atrium, we need to
answer two questions. First, how should we extract the geometry
and appearance information out from a 2D sitemap? Second, how
can we incorporate the extracted information into the generative
process so that the completed scene reflects the physical building
layout with consistency?

We propose SiteBuilder, a novel sitemap-grounded 3D comple-
tion framework for atrium scenes. Our key observation is that a
realistic 3D scene is jointly determined by geometry and appear-
ance: the model should not only place structures at the correct
locations, but also assign visually consistent semantic content to
them. SiteBuilder hence first transforms the sitemap into a boot-
strap mesh. By turning the 2D representation into a 3D one, we
are able to extract the geometry and appearance information of the
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target scene as two pixel-wise depth and semantic sequences. Site-
Builder then feeds such two sequences into a Geometry-Appearance
Encoder (GAE) to obtain the conditions for a video generative net-
work. The incomplete input 3D model grounded on the sitemap, if
presented, is used to render the key frames for video generation.
Eventually, the depth condition constrains geometric layout, while
the semantic condition guides appearance generation.

We summarize the contributions of SiteBuilder as follows:

• The novel problem of completing a 3D atrium scene and its
framework SiteBuilder:We, for the first time, extend 3D scene
completion problem from isolated cellular scenes to large
and integrated atrium scenes, and propose a framework for
it.
• A bootstrap mesh to extract geometry and appearance infor-
mation from a sitemap:We propose a bootstrap mesh method
that handles large-scale and diverse building sitemaps, trans-
forming a collection of 2D floorplans into a coarse 3D struc-
tural reference from which depth and semantic sequences
are extracted.
• Geometry-Appearance Encoder (GAE) to condition and guide
generation:We propose a GAE that uses the previously ex-
tracted depth and semantic sequences as condition for the
video generative network.

We conduct extensive qualitative and quantitative experiments
on a diverse and complex set of atrium scenes, demonstrating that
SiteBuilder produces strong completion results and achieves clear
advantages over previous approaches. The rest of this paper is
organized as follows. After reviewing related literature in Section 2,
we present the methodology and technical details of SiteBuilder in
Section 3. We report illustrative experimental results in Section 4,
and conclude in Section 5.

2 Related Work
2.1 3D Scene Completion
Recent work on 3D scene completion and generative reconstruc-
tion has demonstrated that plausible geometry and appearance may
be generated from text, sparse views, or incomplete observations
using radiance-field and Gaussian representations [24, 32, 41], text-
conditioned scene reconstruction pipelines [6, 14, 16, 36, 48, 49, 66],
and learned priors for indoor scene synthesis [21, 35, 37, 51, 65].
These methods have substantially improved scene quality and scal-
ability, ranging from immersive environment generation [2, 60, 64]
to feed-forward or large-scale 3D generative models [19, 40, 56].
However, most of the methods focus on visual plausibility and local
coherence, and have not considered how to enforce consistency
with the physical building structure. As a result, although they
can generate visually consistent rooms or local regions, they can-
not match the structure of, and be extended to, a physical atrium,
which is characterized by large open multi-storey space, long-range
visibility, and cross-floor connections.

2.2 Structure-Guided Modeling
A parallel line of research introduces explicit structural signals such
as floorplans, layouts, room proxies, or programmatic scene descrip-
tions. Early floorplan-to-scene and layout-conditioned methods

translate 2D layouts into 3D scenes or use semantic layouts to con-
strain generation [1, 5, 9, 52, 58]. Other methods improve control-
lability at the room level through layout constraints, proxy rooms,
structured home generation, scene assembly, etc. [8, 10, 11, 13, 34,
44]. More recent work explores layout editing and planning with
languagemodels or program libraries [12, 17, 54, 59], as well as floor-
plan generation, tokenization, and reconstruction [7, 33, 38, 45, 67].
While these methods respect architectural structure, most of them
are designed for cellular indoor layouts, room-scale decomposition,
or object arrangement problems. By contrast, our work targets large
real multi-storey atrium scenes, where the sitemap is composed of
multiple floorplans and the completed 3D scene must remain glob-
ally consistent across vertically connected and visually continuous
open spaces.

2.3 Generative Networks for Scene Completion
Foundational image diffusion models [42, 43] have enabled text-
to-3D pipelines that optimize 3D representations from strong 2D
priors [26, 39, 63]. A large body of follow-up work has studied multi-
view-consistent image generation for 3D reconstruction, includ-
ing single-image-to-3D and view-consistent diffusion models [27–
29, 31, 46, 47, 50, 55], geometry-aware or correspondence-aware
novel-view synthesis methods [18, 20, 22, 23, 25, 30, 57, 61], and
video-based generative models [3, 15, 53, 68]. These models provide
powerful priors to produce coherent geometry and appearance,
making them attractive backbones for scene completion. However,
these methods do not explicitly enforce the structure of a physical
atrium scene. In contrast, SiteBuilder is sitemap-grounded that we
ensure the real building structure is faithfully reflected in our final
completed scene model.

3 Methodology
This section is organized as follows. In Section 3.1, we define the
atrium completion objective, inputs, and notation. In Section 3.2,
we present the end-to-end pipeline of SiteBuilder from sitemap
and optional partial scene to completed 3D output. In Section 3.3,
we detail sitemap-to-mesh conversion and floor-height estimation
for structural grounding. In Section 3.4, we explain how depth
and semantic controls are encoded to guide structure-faithful and
appearance-consistent generation.

3.1 Problem Formulation
Given a sitemapM and an optional incomplete 3D scene model G0,
our goal is to predict a complete 3D scene Ĝ that is both structurally
faithful to the building layout and visually coherent. In this paper,
we represent both input and output 3D scenes with 3D Gaussian
Splatting (3DGS). The overall mapping can be written as

Ĝ = Φ (M, G0) , (1)

where G0 = ∅ when no partial model is available. The sitemap is
defined as a set of floorplans

M =
{
F 1, F 2, · · · , F 𝐿

}
, (2)

where 𝐿 is the number of floors. Each floorplan F (𝑙 ) contains a set
of semantic 2D elements

F (𝑙 ) =
{(
p(𝑙 )
𝑖
, 𝑦
(𝑙 )
𝑖

)}𝑁𝑙

𝑖=1
, (3)
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Figure 2: The SiteBuilder framework. Given a sitemap and an optional incomplete 3DGS model grounded on it, we first build a
bootstrapmesh, then render depth/semantic sequences and optional key frames (dashed line) along sampled camera trajectories.
The Geometry-Appearance Encoder (GAE) converts the depth and semantic sequences into geometry and appearance conditions
that guide video diffusion, and generated frames are fused with camera poses to reconstruct the completed 3D scene.

(a) An example sitemap (b) The bootstrap mesh

Figure 3: An example of sitemap-to-bootstrap conversion in
SiteBuilder. The sitemap is a stack of multiple floorplans
of the target atrium scene. Different colors in the bootstrap
mesh refers to different elements (e.g. walls, floors, etc.) in
the sitemap.

with p(𝑙 )
𝑖
∈ R2 denoting the 2D coordinates and 𝑦 (𝑙 )

𝑖
∈ Y denoting

the element type. In our setting, Y includes walls, handrails, stairs,
floors, and ceilings. Each type of elements could also have some
specific attributes if needed, which is too tedious to be listed here.

When provided, the incomplete 3DGS model G0 is grounded to
the same sitemap coordinate frame so that its horizontal coordinates
are the same asM, with an additional vertical axis. This shared
reference frame allows us to directly fuse 2D structural priors from
the sitemap with 3D observations from the partial scene during
completion.

3.2 Framework
Figure 2 presents the overall framework of SiteBuilder. SiteBuilder
transforms the sitemapM into a bootstrap mesh B that lifts 2D
structure into a coarse 3D representation of the building. A camera
trajectory T = {𝜋𝑡 }𝑇𝑡=1 is then sampled to cover unseen regions
while revisiting seen regions for global consistency. Along this
trajectory, we render frame-wise and pixel-wise depth and seman-
tic maps from B as {D𝑡 , S𝑡 }𝑇𝑡=1, and when an incomplete model
G0 is available, we also render key frames {K𝑡 }𝑇𝑡=1. The rendered
structural cues are encoded by a Geometry-Appearance Encoder
(GAE) to form geometry and appearance conditions, while key
frames provide additional image conditions to preserve observed
content. These conditions guide a video diffusion model to generate
{Î𝑡 }𝑇𝑡=1 along T , and the completed scene Ĝ is reconstructed from
generated frames and their corresponding camera poses.

3.3 Bootstrap Mesh
The bootstrap mesh method converts the multi-floor 2D sitemap
into a coarse yet structurally meaningful 3D mesh. Given floor-
plansM, SiteBuilder constructs floor-level meshes and stacks them
along the vertical axis to obtain the global bootstrap mesh B. The
representation is intentionally lightweight so that it can be ren-
dered efficiently for later condition generation. Figure 3 shows an
example conversion from an input sitemap to its bootstrap mesh.

A hyperparameter involved is the floor height ℎ. When no input
scene model is provided, we use a default empirical value ℎ̄ for all
floors. When G0 is available, SiteBuilder estimates ℎ from grounded
3D observations and then uses this estimate during floor stacking.
In each floor, elements are converted into naive planar primitives:
walls are vertical planes of height ℎ, floors and ceilings are hori-
zontal planes (possibly with holes), handrails are vertical planes
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of height ℎ/2, and stairs are sloped planes connecting adjacent
floors. Algorithm 1 summarizes bootstrap construction. For each
floor index 𝑙 , we compute its base elevation, parse all elements, and
convert each element into a naive mesh primitive via Algorithm 2.

Algorithm 3 explains floor-height estimation, where we optimize
a surface-distance objective. Let C = {c𝑛}𝑁𝑛=1 be Gaussian centers
from G0. For each candidate height ℎ, we build a provisional boot-
strap mesh B(ℎ) and define

𝐸 (ℎ) = 1
𝑁

𝑁∑︁
𝑛=1

𝑑 (c𝑛,B(ℎ)) ,

𝑑 (c𝑛,B(ℎ)) = min
x∈surf (B (ℎ) )

∥c𝑛 − x∥2 .
(4)

We then solve
ℎ′ = arg min

ℎ∈[ℎmin,ℎmax ]
𝐸 (ℎ) . (5)

This floor-height estimation objective uses a point-to-surface dis-
tance and is very similar in spirit to a directed Chamfer distance. In
practice, we use a coarse-to-fine strategy. In each round we sample
candidate heights in the current window, select the best one by
average distance, and shrink the window around it.

In our current implementation, we only instantiate a simple
element set mentioned above to build the bootstrap mesh. However,
SiteBuilder is designed as a general framework such that users can
define additional building elements and their conversion rules by
modifying Algorithm 2. Therefore, in principle, SiteBuilder can
support diverse and more complex atrium scenes according to
specific user needs.

3.4 Geometry-Appearance Encoder
As shown in Figure 4, the Geometry-Appearance Encoder uses
parallel depth and semantic branches to encode rendered controls
into complementary conditioning signals. The two branches are
architecturally identical and token-aligned with the DiT blocks in

Algorithm 1 Sitemap to Bootstrap Mesh

Require: SitemapM = {F (𝑙 ) }𝐿
𝑙=1, optional incomplete model G0,

default floor height ℎ̄
Ensure: Bootstrap mesh B
1: if G0 = ∅ then
2: ℎ ← ℎ̄

3: else
4: ℎ ← EstimateFloorHeight(M,G0) ⊲ Alg. 3
5: end if
6: B ← ∅
7: for 𝑙 = 1 to 𝐿 do
8: 𝑧𝑙 ← (𝑙 − 1)ℎ
9: B (𝑙 ) ← ∅
10: for each (p(𝑙 )

𝑖
, 𝑦
(𝑙 )
𝑖
) ∈ F (𝑙 ) do

11: Q (𝑙 )
𝑖
← NaiveElementMesh(p(𝑙 )

𝑖
, 𝑦
(𝑙 )
𝑖
, 𝑧𝑙 , ℎ) ⊲ Alg. 2

12: B (𝑙 ) ← B (𝑙 ) ∪ Q (𝑙 )
𝑖

13: end for
14: B ← B ∪ B (𝑙 )
15: end for
16: return B

Algorithm 2 Naive Element Mesh
Require: Element geometry p, element type 𝑦, floor base height 𝑧,

floor height ℎ
Ensure: Naive planar primitive(s) Q
1: if 𝑦 is wall then
2: Build a vertical plane from p with height ℎ
3: else if 𝑦 is floor then
4: Build a horizontal plane at height 𝑧, allowing interior holes
5: else if 𝑦 is ceiling then
6: Build a horizontal plane at height 𝑧 + ℎ, allowing interior

holes
7: else if 𝑦 is handrail then
8: Build a vertical plane from p with height ℎ/2
9: else if 𝑦 is stair then
10: Build a sloped plane between two adjacent floors
11: else
12: Q ← ∅
13: end if
14: return Q

Algorithm 3 Coarse-to-Fine Floor Height Estimation
Require: Sitemap M, incomplete model G0, search window
[ℎmin, ℎmax], rounds 𝑅, samples per round 𝐾 , shrink ratio
𝜌 ∈ (0, 1)

Ensure: Estimated floor height ℎ′
1: Extract Gaussian centers C = {c𝑛}𝑁𝑛=1 from G0
2: for 𝑟 = 1 to 𝑅 do
3: Sample 𝐾 candidate heightsH𝑟 = {ℎ𝑘 }𝐾𝑘=1 uniformly from

[ℎmin, ℎmax]
4: for each ℎ𝑘 ∈ H𝑟 do
5: Build provisional mesh B(ℎ𝑘 ) fromM using floor height

ℎ𝑘
6: 𝐸 (ℎ𝑘 ) ← 1

𝑁

∑𝑁
𝑛=1 minx∈surf (B (ℎ𝑘 ) ) ∥c𝑛 − x∥2

7: end for
8: ℎ′ ← arg minℎ𝑘 ∈H𝑟

𝐸 (ℎ𝑘 )
9: Δ← 𝜌

2 (ℎmax − ℎmin)
10: ℎmin ← ℎ′ − Δ, ℎmax ← ℎ′ + Δ
11: end for
12: return ℎ′

the video diffusion backbone, and they share the same video encoder
as the diffusion model to keep latent representations consistent.
Following this design, we first sample a camera trajectory T =

{𝜋𝑡 }𝑇𝑡=1 to cover unseen regions while revisiting seen regions for
global consistency. For each specific pose 𝜋𝑡 , we render a depth
map D𝑡 and a semantic map S𝑡 from the bootstrap mesh B. And
when G0 is available, we also render a key frame K𝑡 at the same
pose. We then use the depth sequence {D𝑡 }𝑇𝑡=1 and the semantic
sequence {S𝑡 }𝑇𝑡=1 as dual controls. Depth provides geometric layout,
while each semantic map is a dense label in image space, obtained
by projecting bootstrap-mesh semantics onto the current view. We
use a fixed label encoding across time so that the same class keeps
the same code in all frames. The Geometry-Appearance Encoder
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Table 1: Comparison on structural correctness between SiteBuilder and six representative structure-guided cellular methods.
Both depth error (view-dependent) and chamfer distance (view-agnostic) are reported. SiteBuilder achieves best performance
on all metrics.

Method Mean Depth AbsRel (%) Max Depth AbsRel (%) Mean Rel SurfCD (%)

Plan2Scene [52] 14.3 19.2 18.1
Ctrl-Room [44] 14.7 17.0 19.0
HouseCrafter [34] 13.5 18.5 15.4
SceneCraft [58] 13.1 19.1 16.3
Layout2Scene [5] 12.1 18.8 16.7
SpatialGen [9] 11.9 19.3 15.8

SiteBuilder (Ours) 8.2 15.3 10.7

…

Self-Attn

Cross-Attn

Feed-Forward

Self-Attn

Cross-Attn

Feed-Forward

Video Encoder

…

O
ne Denoising Step

GAE

Figure 4: The depth branch and semantic branch ofGeometry-
Appearance Encoder (GAE) are the same and are aligned with
the DiT in video diffusion network. The video encoder is
shared between the diffusion network and GAE. Condition-
ing cues are injected to each layer in DiT in each denoising
step.

(GAE) maps them to two conditioning streams

C𝑔 = E𝑔
(
{D𝑡 }𝑇𝑡=1

)
, C𝑎 = E𝑎

(
{S𝑡 }𝑇𝑡=1

)
, (6)

where E𝑔 and E𝑎 are the geometry and appearance branch of GAE
respectively, C𝑔 and C𝑎 are the computed geometry and appearance
condition. Both branches use the same conditioning interface and
are implemented as lightweight adapter updates on a frozen video
generator, making the module compatible with different backbone
choices.

Both controls are injected as reference-video latents into ev-
ery DiT layer at each denoising step. Let C0 denote optional key-
frame conditions rendered from G0. With branch-wise conditioning
strengths 𝜆𝑔, 𝜆𝑎 ∈ [0, 1], the conditioned video generator is

Î1:𝑇 =V
(
𝜆𝑔C𝑔, 𝜆𝑎C𝑎, C0) . (7)

whereV(·) denotes the frozen video generative network.

During training, the depth branch can be initialized from an
existing geometry controller, while the semantic branch is trained
with aligned RGB-depth-semantic video tuples under the same
recipe so that both branches remain architecturally consistent. The
GAE module is optimized using the same video diffusion loss as the
backbone video diffusion network. At inference, the two branches
are fused additively to provide joint structural control. Depthmainly
constrains geometry, semantics mainly constrains appearance.

4 Illustrative Experimental Results
In Section 4.1, we describe data preparation across real and syn-
thetic atrium scenes. In Section 4.2, we present implementation
details and training settings. In Section 4.3, we compare SiteBuilder
with baseline methods quantitatively. In Section 4.4, we analyze the
contribution of different Geometry-Appearance Encoder branches
through ablation experiments. In Section 4.5, we provide qualita-
tive visual comparisons, while Section 4.6 studies hyperparameter
effects. In Section 4.7, we report user study results on structural
faithfulness and visual consistency.

4.1 Data Preparation
We evaluate SiteBuilder on five atrium scenes with two real-world
scenes and three synthetic ones. The sitemap is in geojson for-
mat [4], which commonly appears in any map and navigation
applications and is easy to obtain. For the two real scenes, their
sitemaps include the same element-level representation defined
in our methodology (semantic 2D elements with geometric sup-
port and type labels, including walls, floors, ceilings, handrails, and
stairs), and we manually align the ground-truth 3D models to the
corresponding sitemaps so that horizontal position and scale are
consistent in a shared coordinate frame. For the synthetic scene,
we create the sitemap ourselves to mimic a realistic shopping-mall
environment with multi-floor open spaces and cross-floor connec-
tivity. Across all five scenes, we keep the unified sitemap format and
the same preprocessing protocol to provide consistent conditioning
inputs for bootstrap construction and geometry-appearance guided
generation.

4.2 Implementation Details
We use the LTX-2 video diffusion checkpoints [15] as the generative
network in SiteBuilder. The core idea of SiteBuilder is general and
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Figure 5: Qualitative comparison between SiteBuilder (above) and SpatialGen (below). The leftmost view shows clearly the
incorrect structure and inconsistent appearance due to the individual generation in previous cellular methods.

compatible with other video diffusion backbones through the same
conditioning interface. During training, we keep the video diffusion
backbone frozen and only optimize the Geometry-Appearance En-
coder (GAE) on real scene data using the AdamW optimizer and a
cosine_with_restarts learning-rate scheduler. We set the geometry
conditioning factor to 𝜆𝑔 = 1.0 and the appearance conditioning
factor to 𝜆𝑎 = 0.2. For floor-height estimation, we set 𝑅 = 2, 𝐾 = 10,
and shrink ratio 𝜌 = 0.5. One trajectory is sampled for each floor
which also covers the neighbor floors, the trajectory is then used
to generate 160 video frames. For diffusion sampling, we use 50 de-
noising steps. The 3DGS framework here is gsplat [62]. We train the
GAE on a NVIDIA A100 GPU for approximately 12 hours. The res-
olution of the final generated videos after upsampling is 1024× 576.
Video generation during the inference stage consumes 53GB VRAM
and takes 4 minutes per 160 frames. 3DGS reconstruction consumes
35GB VRAM and takes about 4 hours.

4.3 Performance Comparison
Table 1 summarizes our quantitative comparison. As the first metric,
we report the absolute relative error on depth (%), computed from
the rendered depth map of the bootstrap mesh and the rendered
depth map of the completed scene model under the same camera
poses. We report both the mean and the max values. As the last
metric, we report Mean Relative Surface Chamfer Distance (Mean
Rel SurfCD, %). This metric is very similar to what we define in
Eq. 4 except that the distance is further divided by the floor height.
The intuition is that floor height is usually how humans perceive
the internal scale of a building. Therefore, by this normalization,
we can better estimate how people perceive the structural error of
the completed scene.

We compare with six other representative structure-guided scene
completion methods. Since all of them are designed for cellular-
layout indoor scenes, we split each atrium scene into multiple
subregions so that these approaches can function normally. For
approaches that do not directly involve a point cloud or 3DGS,
we further extract a point cloud from their intermediate results to
report the metrics.

The results clearly show the superior performance of SiteBuilder
across all metrics. SiteBuilder achieves the lowest Mean Depth Ab-
sRel (8.2%), substantially better than the best baseline (11.9% from
SpatialGen), and the lowest Max Depth AbsRel (15.3%), improv-
ing over the strongest baseline (17.0% from Ctrl-Room). On Mean
Rel SurfCD, SiteBuilder reaches 10.7%, significantly lower than all

Table 2: Ablation study by removing either GAE branch. The
depth branch proves to be essential for structural correctness
in the completed scene model.

Method Mean Rel SurfCD

SiteBuilder w/o Depth 54.1
SiteBuilder w/o Semantic 15.8
SiteBuilder (Ours) 10.7

competing methods (the best baseline is 15.4% from HouseCrafter),
indicating better structural correctness. The results prove quanti-
tatively that SiteBuilder is the best framework for physical atrium
scene completion.We attribute these gains to our key design choices
of bootstrap mesh and the GAE module. Together with trajectory-
based generation, SiteBuilder achieves global consistency over large
open regions that are difficult for cellular decomposition methods.

4.4 Ablation Study
To understand how much the bootstrap mesh and the Geometry-
Appearance Encoder (GAE) contribute to structural correctness
in atrium scenes, we conduct an ablation study by comparing full
SiteBuilder with variants that remove one branch in GAE. Specif-
ically, we evaluate removing the depth branch and removing the
semantic branch, and compare both settings against the full model.
The ablation settings and corresponding quantitative results are
summarized in Table 2.

Table 2 shows that both branches in GAE are important, while the
depth branch is the primary contributor to structural correctness.
Removing the depth branch causes a dramatic degradation of Mean
Rel SurfCD from 10.7 to 54.1, indicating that geometric control is
indispensable for maintaining correct global layout in atrium scenes.
Removing the semantic branch also hurts performance, increasing
Mean Rel SurfCD from 10.7 to 15.8, which verifies that semantic
cues provide complementary constraints that stabilize appearance-
structure alignment. The full model achieves the best result because
depth and semantic conditions are jointly injected, matching our
design goal of unified geometry-appearance guidance.

4.5 Qualitative Evaluation
We visualize completed atrium scenes for qualitative evaluation.
Figure 5 shows the qualitative comparison between SiteBuilder and
SpatialGen, and Figure 6 further compares our renderings with
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Figure 6: Qualitative analysis of SiteBuilder with depth and semantic references. Each scene has, from top to bottom, depth,
semantic, and rendering from complete scene. The generated scenes well align with the depth and semantic cues extracted
from the bootstrap mesh. SiteBuilder achieves both structural correctness and global visual consistency.

the corresponding depth and semantic references for structural
alignment.

As shown in Figure 5, SpatialGen, as a representative method de-
signed for cellular-layout buildings, does not handle atrium scenes
well enough. Because it applies an independent generation pro-
cess to each subregion, it fails to maintain global consistency. This
is especially visible in the leftmost view, where there is a clear
inconsistency between the generated first floor and second floor
structures. In contrast, SiteBuilder adopts integrated generation
over the entire scene by first constructing a whole-scene bootstrap

mesh. This global structural conditioning leads to substantially
better cross-region and cross-floor consistency in the completed
results.

Figure 6 further shows that our generated scenes align well
with the extracted depth and semantic conditioning sequences. The
results maintain high quality in both geometry and appearance
across different scenes with different building structures.
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Figure 7: Hyperparameter analysis of appearance-
conditioning factor 𝜆𝑎 . No significant improvement is
observed when 𝜆𝑎 > 0.2.
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Figure 8: Hyperparameter analysis of geometry-conditioning
factor 𝜆𝑔. A clear decreasing trend is observed.

4.6 Hyperparameter Analysis
We would like to find out how our hyperparameters 𝜆𝑔 and 𝜆𝑎 af-
fect the structural correctness. We plot the mean relative surface
chamfer distance with respect to these two factors in Figure 7 and
Figure 8. The plots show different behaviors for the two condi-
tioning factors. As 𝜆𝑔 increases, the structural error consistently
decreases, which echoes our core finding that depth is the irre-
placeable control for faithfully reflecting real building structure. In
contrast, increasing 𝜆𝑎 does not stably improve structural correct-
ness. We further observe that overly strong semantic conditioning
reduces the diversity of completed scenes. We attribute this phe-
nomenon to the relatively small semantic vocabulary in our setup.
When semantic control is too strong, it can over-constrain the video
generator and hurt generation quality. Based on this trade-off, we
set 𝜆𝑎 = 0.2 in our final framework as a balance between structural
faithfulness and appearance quality.

Table 3: User study results for structural faithfulness and
visual consistency. SiteBuilder obtains the majority of the
positive votes in terms of both structural correctness and
visual consistency. Although a few participants remain neu-
tral, none shows an explicit preference on SpatialGen.

Vote Structural Visual

SiteBuilder (Ours) 17 18
Neutral 3 2
SpatialGen 0 0

4.7 User Study
We also conduct a user study to evaluate the structural correct-
ness and visual consistency of completed atrium scenes. We re-
cruit 20 participants, including 10 university students and 10 non-
professional participants. In each trial, a participant is given two
rendered images from the same camera pose, one generated by
SiteBuilder and one generated by SpatialGen, together with the
corresponding sitemap and bootstrap mesh as structural references.
The participant is then asked to answer two questions: (1) which re-
sult has a more faithful structure, and (2) which result appears more
visually consistent. For each question, participants are allowed to
stay neutral, so each question has three options: SiteBuilder, Neutral,
and SpatialGen.

As shown in Table 3, the user study results show a clear prefer-
ence for SiteBuilder over SpatialGen in both criteria. For structural
faithfulness, 17 out of 20 participants select SiteBuilder, while the
remaining 3 choose Neutral and none prefer SpatialGen. For vi-
sual consistency, 18 out of 20 participants favor SiteBuilder, with 2
Neutral votes and again no votes for SpatialGen. This user study,
together with previous qualitative and quantitative results, indicate
that our sitemap-grounded conditioning improves both structure-
level realism and global visual coherence from a human-perception
perspective.

5 Conclusion
We presented SiteBuilder, a sitemap-grounded framework for 3D
atrium scene completion in largemulti-storey indoor spaces. By con-
verting a sitemap into a bootstrapmesh and injecting depth/semantic
controls through the Geometry-Appearance Encoder (GAE), Site-
Builder jointly enforces structural correctness and visual consis-
tency during generation.

Experiments show that SiteBuilder achieves the best structural
performance (8.2% Mean Depth AbsRel and 10.7% Mean Rel Sur-
fCD), with ablations confirming depth as the key control and user
studies showing clear preference over SpatialGen. A current limita-
tion is the required pre-alignment between incomplete 3D input and
sitemap coordinates; future work includes robust sitemap-guided
registration and broader semantic/data coverage for better general-
ization.
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