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Figure 1: (a) Task: From multi-view images, we aim for realistic 3D object—scene composition
via reconstruction, editing, and rendering. (b) Comparison: Compared to existing methods, our
approach achieves superior harmonious appearance and plausible shadows (red arrows), while run-
ning at around 26 FPS. (¢) Application: Our method also performs well on real-world captures.

ABSTRACT

Gaussian Splatting (GS) enables immersive rendering, but realistic 3D ob-
ject—scene composition remains challenging. Baked appearance and shadow in-
formation in GS radiance fields cause inconsistencies when combining objects
and scenes. Addressing this requires relightable object reconstruction and scene
lighting estimation. For relightable object reconstruction, existing Gaussian-based
inverse rendering methods often rely on ray tracing, leading to low efficiency. We
introduce Surface Octahedral Probes (SOPs), which store lighting and occlusion
information and allow efficient 3D querying via interpolation, avoiding expensive
ray tracing. SOPs provide at least a 2x speedup in reconstruction and enable
real-time shadow computation in Gaussian scenes. For lighting estimation, ex-
isting Gaussian-based inverse rendering methods struggle to model intricate light
transport and often fail in complex scenes, while learning-based methods predict
lighting from a single image and are viewpoint-sensitive. We observe that 3D
object—scene composition primarily concerns the object’s appearance and nearby
shadows. Thus, we simplify the challenging task of full scene lighting estimation
by focusing on the environment lighting at the object’s placement. Specifically,
we capture a 360° reconstructed radiance field of the scene at the location and fine-
tune a diffusion model to complete the lighting. Building on these advances, we
propose ComGS, a novel 3D object—scene composition framework. Our method
achieves high-quality, real-time rendering at around 26 FPS, produces visually
harmonious results with vivid shadows, and requires only 36 seconds for editing.
The code and dataset are available at https://nju-3dv.github.io/projects/ComGS/.
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1 INTRODUCTION

Gaussian Splatting (GS) (Kerbl et al., 2023) has emerged as a powerful point-based differentiable
rendering technique, enabling high- delity 3D reconstruction and rendering from multi-view im-
ages. Despite its success, realistic 3D object—scene composition is still challenging, as the GS ra-
diance eld inherently bakes appearance and shadows. Realistic object-scene composition requires
integrating objects into scenes while ensuriigual harmony and physicallyplausible shadows

Two critical obstacles must be addressed to achieve this goaiel{dhtable object reconstruction

to account for appearance variations, ands@ne lighting estimatioto enable object relighting

and realistic shadows.

For relightable object reconstruction, existing Gaussian-based inverse rendering approaches (Gu
et al., 2025; Sun et al., 2025) often rely on costly ray tracing for occlusion and indirect lighting,
leading to low ef ciency. This constitutes a signi cant bottleneck for real-time object-scene compo-
sition. Meanwhile, lighting estimation in complex scenes remains an open problem. Gaussian-based
inverse rendering (Liang et al., 2024b) methods struggle due to intricate light transport in complex
scenes, while learning-based methods (Zhan et al., 2021; Phongthawee et al., 2024), which typi-
cally predict lighting from a single image, fail to ensure multi-view consistency. Consequently, both
categories of methods fall short in providing reliable lighting for realistic object—scene composition.

To address these challenges, we propose two key innovations. First, we intgdaee Octa-

hedral Probes (SOPdpr ef cient relightable Gaussian object reconstruction. SOPs store indirect
lighting and occlusion, allowing shading points to access this information via interpolation rather
than costly ray tracing. Thanks to the ef ciency of SOPs, our method achieves at Basfeeedup

in reconstruction compared to state-of-the-art approaches, while maintaining comparable accuracy.

Second, we observe that achieving visually harmonious and plausible shadows in object—-scene com-
position does not require perfectly decoupling scene lighting, which presents signi cant technical
challenges. In practice, it is suf cient to estimate the lighting around the object. Accordingly, we
reformulate scene lighting estimation as the task of inferring an environment map from partially
reconstructed Gaussian radiance elds. We rst perform a 360-degree trace of the Gaussian scene
to extract partial radiance and then input it into a ne-tuned Diffusion Model (Rombach et al., 2022)

to generate a complete lighting estimation. Our approach leverages the existing Gaussian radiance
eld, leading to more accurate and realistic lighting results.

Building on these advances, we present ComGS, a novel object-scene composition framework lever-
aging SOPs. Our solution operates in three stagesRétpnstructionfor relightable object and

scene reconstruction; (Bditing, including lighting estimation and SOPs-based occlusion caching;
and (3)Rendering covering object relighting and shadow casting. By combining reconstructed re-
lightable objects with estimated lighting, we achieve visual coherence and vivid shadows. SOPs
cache occlusion during the editing stage, enabling ef cient calculation of plausible shadows during
rendering. For static object placements, our method achieves approximately 26 FPS rendering, with
an editing time of 36 seconds. We summarize our key contributions as follows:

» A complete 3D object—scene composition framework that ensures visual harmony and plau-
sible shadows, achieving 26 FPS rendering with an editing time of 36ty

« A novel inverse rendering pipeline using Surface Octahedral Probes (SOPs) for ef cient
relightable object reconstruction, providing over 2x speedup compared to SOTA methods.

» Extensive evaluations on SynCom, public datasets, and phone captures thatlshd® +
PSNR, 21% higher 3D consistency, and 56% greater harmony over existing methods, high-
lighting our framework's potential for immersive 3D applications.

2 ReLATED WORK

Object-Scene Composition Most methods aim to combine foreground object images with back-
ground images. Some approaches (Niu et al., 2023; Zhou et al., 2024) focus speci cally on achieving
visual harmony between foreground and background. Diffusion-based methods (Chen et al., 2024;
Zeng et al., 2024; Liang et al., 2024a) leverage generative models for exible object placement and
harmonious appearance. Intrinsics- and physics-based methods (Careaga et al., 2023; Zhang et al.,
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Figure 2: Realistic 3D Object—Scene Composition PipelineOur approach consists of 3 stages:
reconstruction(Sec. 3.1), where we reconstruct the Gaussian scene and relightable Gaussian object
from multi-view imagesgditing (Sec. 3.2), where we estimate scene lighting and cache occlusion
using Surface Octahedral Probes; aeddering(Sec. 3.3), where we perform splatting, object re-
lighting, shadow casting, and depth compositing. The pipeline achieves visually harmonious results
with realistic shadows and near-real-time performance.

2025) decompose scene images into physical properties to enable photorealistic integration. Some
works extend to 3D object insertion (Tarko et al., 2019; Ye et al., 2024b; Jin et al., 2025), using
mesh-based representations or NeRF (Mildenhall et al., 2020), but they often rely on simpli ed
assumptions or focus mainly on appearance, leaving effects such as shadows and complex light-
ing largely unhandled. MV-CoLight (Ren et al., 2025) accomplishes object composition with a
feed-forward architecture, while its performance suffers from the domain gap of the training data.

Inverse Rendering Inverse rendering approaches built on mesh (Hasselgren et al., 2022; Dai et al.,
2025) and NeRF (Zhang et al., 2021a;b; 2022; Yao et al., 2022; Jin et al., 2023) have proven suc-
cessful. Recently, Gaussian Splatting (GS) (Kerbl et al., 2023) has enabled more ef cient inverse
rendering (Jiang et al., 2024; Gao et al., 2024; Gu et al., 2025; Huang et al., 2025) thanks to its fast
rendering. However, inverse rendering still struggles with complex scenes due to incomplete scene
captures and challenging light transport. While some GS-based methods (Liang et al., 2024b; Chen
et al., 2025) attempt scene-level reconstruction, they often rely on simpli ed lighting assumptions,
resulting in inaccurate lighting decomposition and reduced realism in object-scene composition.

Lighting Estimation  Early methods (Gardner et al., 2017; Wang et al., 2022a; Zhan et al., 2021;
Somanath & Kurz, 2021) estimate high dynamic range (HDR) environment maps from a single
low dynamic range (LDR) photo to relight virtual objects for scene blending. For spatially-varying
lighting, some methods predict per-pixel illumination (Li et al., 2020) or use 3D octree-based rep-
resentations (Wang et al., 2024). Recently, DiffusionLight (Phongthawee et al., 2024) leverages
pretrained diffusion models for improved generalization. However, relying on a single image often
leads to multi-view inconsistencies. While Lyu et al. (2023) integrate inverse rendering into diffu-
sion denoising for 360illumination, their method relies on an explicit Mesh-based representation.

3 METHOD

We propose a realistic 3D object-scene composition pipeline, as shown in Figure 2. The pipeline
consists of three stages: reconstruction, editing, and rendering. Each stage is detailed as follows.

3.1 RECONSTRUCTION

Our reconstruction process is divided into two steps. For objects, we apply both steps to reconstruct
a relightable Gaussian object. For scenes, we perform only the rst step for radiance eld.

Multi-Target Rendering  To achieve better geometry than 3DGS (Kerbl et al., 2023), 2D Gaussian
Splatting (2DGS) (Huang et al., 2024) employs surfels in 3D space as rendering primitives. Each
surfel is de ned by centep;, quaterniory; for orientation, and scaling vectsr for deformation.
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Figure 3: Inverse Rendering with Surface Octahedral Probes (SOPs)We utilize trained re-
lightable 2D Gaussians to generate GBuffers via splatting, followed by deferred physically based
rendering for a render image. lllumination is split into direct lighting from environment map, indi-
rect lighting and occlusion captured by textures in SOPs. Both the environment map and textures
are stored as octahedral textures. Low-discrepancy ray sampling with random rotation is used to
compute illumination at shading point, with indirect light and occlusion derived via KNN interpo-
lation from nearby probes. SOPs are initialized with ray tracing and optimized under its guidance,
avoiding intensive ray tracing per optimization iteration and boosting inverse rendering ef ciency.

To enable relightable 2D Gaussians, we further equip them with material parafregtersm; g for
albedo, roughness, and metallic. Through 2DGS, we perform differentiable multi-target rendering
to generate G-buffelB in a single pass via alpha blending:

X 1
B= T ib; Ti= @ ) 1)
i=1 j
wherely = fci;1;di;n;;a;;ri;mjg, with ¢; as color,d; as ray-surfel intersection depth ang

as surfel normal. These G-buffers includes RGB buffegeometry buffersW for weight, D for
depth,N for normal) and material bufferé\(for albedo,R for roughness, anil for metallic). As

in prior works (Gao et al., 2024; Liang et al., 2024b), we use the unbiased BeptH=W .

3.1.1 SEP1: RADIANCE AND GEOMETRY RECONSTRUCTION

Loss We follow the rendering loss from (Kerbl et al., 2023):

Ligp = L1(CGE)+0:2 (1 SSIM (G G)); 2)
and apply depth-normal consistent regularization (Huang et al., 2024; Gao et al., 2024):
Lazn =1 (N Nug); 3)

whereNy is devided from depth. For objects, we apply mask constraint (Gao et al., 2024) as:

Lmask = K logW (1 K )log(1l W ); (4)
whereK is provided mask, The total loss for the rst step is:
L= Lrgb + d2nla2n +  mask Lmask : (5)

3.1.2 SEP2: MATERIAL AND LIGHTING DECOMPOSITION

Deferred Physically Based Rendering From G-Buffers, we produce a PBR image in a deferred
shading manner. We rst project the unbiased depth @rapto world space as shading poiriiteg,
and then evaluate the rendering equation at these shading points:

Lo(loix)= (Lot in)Li(ti)(ti nydli; (6)
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wheren is the surface normaf, denotes the BRDH,; andL, are the incoming and outgoing
radiance from directioh; and! ,, and represents the hemisphere above the surface. We adopt a
simpli ed Disney BRDF model (Burley & Studios, 2012). We evaluate this integral via Monte Carlo
sampling by drawings, raysf! ;g>, from a low-discrepancy Hammersley point set, computed as:

2 X

Goor (x) = s f( o)Lt )My n): (7)

lllumination Modeling We model illumination as direct lightingg; and indirect lightingL i, ,
combined through occlusion:

Li(i)=(@ O(i)Lar (*i)+ Lin(*i): (8)
We set direct lighting as a learnable environment map, and the indirect lighting as the inter-re ection.
A straight-forward method to obtain occlusion and indirect lighting is to perform ray tracing on

Gaussian point cloud, similar to IRGS (Gu et al., 2025). However, ray tracing is computationally
intensive, resulting in low ef ciency.

To address this, we propo&urface Octahedral Probes (SOPsjor ef cient querying of indi-

rect lighting and occlusion. These probes are positioned near the surface, with their radiance and
occlusion texture$Li, ; Og initialized via ray tracing. In implementation, we employ octahedral
textures (Praun & Hoppe, 2003) for their low memory footprint and minimal distortion.

Automatic Placement of SOPs Careless placement can mix SOPs with Gaussian points, causing
light-leaking artifacts. To mitigate this issue, we propose a placement strategy that positions SOPs
near the surface. We rst render geometry buffers for all viewpoints, followed by Multi-View Depth
Fusion (Galliani et al., 2015) to generate a dense surface point cloud with normals. We then apply
Farthest Point Sampling (FPS) to obtain a uniform subsample of points. Finally, these points are
slightly offset along their normals to de ne the placement locations of SOPs.

Ef cient Querying through SOPs At each shading point, we ef ciently query indirect lighting

and occlusion from SOPs via K-Nearest Neighbors (KNN) interpolation. As an example, the indirect
lighting atx is queried by rst identifying neighboring SORs2 N (x) using Fixed Radius Nearest
Neighbors (FRNN) search, followed byPinterpolation:

_ s(K)Wp(k) Lin (K)

Lin () = B i ©)
wherews andwy, is the spatial and back-face weights, respectively. Gpjeas the location ok-th
neighbor SOP, we de ne a direction vectordas= px  X. Then, the spatial weight is de ned as:
- l .
" kdyk’
which assign greater in uence for SOPs closer to the shading point. And, the back-face weight (Ma-
jercik et al., 2019; McGuire et al., 2017) is de ned as:

dk
kdyk

indicating greater contribution when the direction veagris more aligned with the normal,.

W (10)

wp,=05 (1+ np) +0:0%L; (12)

Loss We use arendering loss similar to that in Eq. 2 for the PBR intgge denoted a& . For
material regularization, we adopt the Lambertian assumption (Yao et al., 2022) with a cost favoring
high roughness and low metallic values under non-view-dependent lighting:

Liam = L1(R;1)+ Ly(M ;0): (12)
We also supervise SOPs' textuffds;, ; Og using the traced radian¢g, and occlusiorQy :
Lsops = La(Lin;Lu )+ L1(O; Oy ): (13)

The nal loss for the second step is:

L= I—pbr +  lam I—Iam + sopsl—sops +  d2n Ld2n +  mask I-mask ; (14)
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3.2 BDITING

From reconstructed scene and relightable Gaussian object, the editing stage estimates scene lighting
and caches occlusion, bridging to relighting and real-time shadow computation during rendering.

3.2.1 LGHTING ESTIMATION

We assume that the object is small relative to the scene and that its placement affects only its own
appearance and nearby regions. Under this assumption, the challenging task of estimating lighting
in complex scenes can be reformulated as a more tractable environment map inpainting problem.

From a reconstructed Gaussian scene, we generate an
HDR environment map for the target placement loca-
tion (Figure 4). We rst perform a 360° sweep around
the location to capture an incomplete RGB panorama,
a partial normal map, and an alpha mask of the recon-
structed regions. These inputs are processed by a ne-
tuned Stable Diffusion 2.1 (Rombach et al., 2022) model
to generate a complete environment map. For HD, N o
Weguse an exposurpe value (EV)-conditionF()ad promptiﬁe@qre 4. Lighting Estimation. At
scheme (Phongthawee et al., 2024): a base modét §'ven _'006!“0“ we creaEe a partial
trained atEV = 0 and ne-tuned with interpolated emPanoramic view via a 360° sweep of
beddings for different exposure levels. During inferen&l%e Gaussian scene, yielding an incom-
we generate mapsBV = f 5 2:5;0gand fuse themPIete RGB image, normal map, and al-
into an HDR environment map, which is then convert@fja mask of reconstructed areas. Then,
to an octahedral texture for relighting and shadow cof€ US€ @ ne-tuned Stable Diffusion to
putation. More details are included in Appendix D. ~ "fer @ HDR environment map.

3.2.2 (QOccLUSION CACHING AND SHADOW CASTING

The shadow cast by a newly placed object in the scene is determined by the ocGAsidmtro-
duces. Computin@?° directly via ray tracing for every rendering is straightforward but computa-
tionally expensive. Instead, we cache the object-induced occl@lasing our proposed SOPs.

Under the Lambertian scene assumptiog, the rendering equation (Eg. 6) simpli es to:

Lo fa Li(*0)(Yi n)d,: (15)

When an object is placed, the sceEe rendering becomes:

LO=fy Li(tp)@ O )i n)di,; (16)
whereQVis the object-induced occlusion cached by SOPs newly placed in the scene, distinct from
the self-occlusior® of the object in Eq. 8. The cast shadow is then derived as:

LO
S= -2 17
™ (17)
To implement this, a potential shadow region is de ned around the object placement location, with
size proportional t?N times the object dimensions. Within this region, SOPs are distributed follow-
ing the Automatic Placemergtrategy (Sec. 3.1.2). Their occlusion textures are then precomputed
via ray tracing, enabling ef cient shadow calculation during rendering.

3.3 RENDERING

We start by performing multi-target rendering (Sec. 3.1) to obtain the RGBD of the Gaussian scene.
Next, we relight the object using the estimated environment map (Sec. 3.2.1) and compute shadows
with cached occlusion (Sec. 3.2.2).

Both object relighting and shadow computation involve evaluating integrals, which we accelerate
via Monte Carlo importance samplind he octahedral texture's low distortion and roughly uniform
texel areas simplify de ning the Probability Density Function (PDF) as:
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Table 1: Composition Performance on SynCom
Dataset. Objective metrics (PSNR, SSIM), subjective
metrics (3D consistency, Con.; harmony, Harm.), and
ef ciency metrics (editing time, FPS) are reported.

PSNR* SSIMA Con” Harm. FPS‘ T(Edit)_ Empty Composition (Copper)
DiffHarmony 22.436 0.825 3.125 2929 0.1
ZeroComp  20.344 0780 1.642 1504 0.40
MV-CoLight 21.045 0.855 2.800 2.633 1.01
GS-IR 22418 0.824 3283 2125 211
GI-GS 22877 0.849 3.746 2908 0.29
IRGS 22417 0.799 3.496 2.883 0.03 R Editing 1 (Silver) Editing 2 (Red Matte)
DiffusionLight 21.842 0.841 1913 2171 0.02 - Figure 5: Material Editing in real-world
Ours (Trace) 24567 0.870 4.746 4.600 402 1459 composition, froncopperto silver andred
Ours (SOPs) _24.282 0.868 4.563 4.588 26.14 36.12 matte Please ZOOM IN for details.

PDF(!;) = %Ht W I (18)

whereH, W;, andl denote the height, width, and intensity of the texture, respectively.

Our relighting process begins by sampling a set of 18y$rom the probability density function

(PDF) in Eq. 18, followed by Monte Carlo integration of the rendering equation (Eq. 6). To account
for self-occlusion, we modulate the direct lightihg; (! ;) by the visibility factor(1  O(!;))

derived from the object's SOPs, yielding (! ;) = (1  O('i))Lgir (*i). This adjusted term is

then used in the integration (Eq 7). As for indirect lighting , we intentionally omit it due to its
prohibitive computational cost. Then, cast shadows are subsequently computed via Eq. 17, where the
occlusionOPis interpolated from the SOPs placed in the scene Usirgent Querying(Sec. 3.1.2).

Finally, depth compositing is applied to produce a realistic 3D object-scene composition.

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS

Reconstruction Details We set the octahedral environment map resolutio236 256, and
SOPs' texture resolutions tb6 16, using 128 sampling rays. SOPs number is set to 5k, with
an offset distance empirically set to 1% of the object's size. At step 1, loss weightggre=

mask = 0:05, with other settings following 2DGS, training over 30Kk iterations. At step 2, learning
rates are 0.01 for environment map, albedo, roughness, and metallic, and 0.001 for SOPs textures,
initialized via 2D ray tracing; loss weights &rejam ; sopsd = f0:001; 1g, over 2k iterations.

Editing and Rendering Details The estimated environment map resolutiod@®4 512 con-
verted to an octahedral texture&t2 512 We de ne the scene within 6 times the object's size as
the potential shadow region, placing 10k SOPs there. We sample 256 rays for rendering.

4.2 COMPOSITIONPERFORMANCE

SynCom Dataset We create a synthetic dataset to evaluate 3D object-scene composition. Multi-
view images of 4 objectdbttle, horse kettle andtoy), 4 scenesdrtwall, attic, forest room), and

their 16 compositions are rendered using the Blender Cycles Engine. The precise control of object
placement and camera settings in Blender ensures a highly reliable reference for evaluation. Further
details of our SynCom dataset are provided in Appendix A.

For the composition performance evaluation, we compare three distinct categories of approaches:

(1) Image Composition Scene and object are rst reconstructed using 2DGS (Huang et al., 2024),
synthesized for novel views, and then composed with a image composition algorithm, speci cally
DiffHarmony (Zhou et al., 2024) and ZeroComp (Zhang et al., 2025). Although MV-CoLight (Ren

et al., 2025) is a two-stage method that rst performs image composition and then addresses 3D
composition, we categorize it here for simplicity.
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Table 2: Reconstruction performance on TensolR.
Our method achieves accuracy comparable to SOTA ap-
proaches with at lea® ef ciency improvement.

GS-IR IR-GS GT
Method NVS  Albedo Relighting Training
PSNR* PSNR*  PSNR* Time_
NeRFactor 24.679 25.125 23.383 >100h o o
InvRender 27.367 27.341 23.973 15 h .lefUSIonnghtl .lefu5|onL|ght2 ours
TensolR  35.088 29.275 28.580 5n Figure 6: Environment Maps Compar-

GS-IR 35.333  30.286 24.374 16.40 minison. GS-IR and IRGS fail in com-
R3DG 38.423 31926 29.766  47.80min plex scenes, DiffusionLight is viewpoint-

IRGS 35751  31.658 _30.250 21.45min inconsistent, while our method yields su-
Ours 35.822 31.683  30.474 7.93min  perior and consistent results.

(2) Gaussian-based Inverse RenderingScene and object are reconstructed with Gaussian-based
inverse rendering methods, composited, and then rendered with PBR. Speci cally, GS-IR (Liang
et al., 2024b), GI-GS (Chen et al., 2025) and IRGS (Gu et al., 2025) are selected for comparison.
Note that R3DG (Gao et al., 2024) is not included due to excessive memory usage on scenes, result-
ing in reconstruction failure.

(3) Variants of Our Pipeline: (a) DiffusionLight which estimates illumination from a single RGB
image via the DiffusionLight (Phongthawee et al., 2024);@) (Trace) which employs computa-
tionally intensive ray tracing on Gaussians to generate shadowGu¢}SOPs)which utilizes our
proposed SOPs to cache occlusion and achieve ef cient shadow rendering.

We report both objective and subjective metrics in Table 1. For objective evaluation, Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity Index (SSIM) are computed against the ground truth.
Subjective evaluation is based on a Mean Opinion Score (MOS) survey, where 40 participants rate
3D consistency (Con.) and harmony (Harm.) of the compositions from 1 (poor) to 5 (excellent).
Editing time and rendering frame rate are also reported.

We show the composition results of all methods in Figure 7. Across both objective and subjective
metrics, as well as overall rendering performance, our metlagTrace)andOur (SOPs)on-
sistently outperform competing approaches, delivering harmonious compositions and, importantly,
realistic shadows. In particula®ur (Trace)yields smoother shadows but at a lower rendering speed,
wherea®©ur (SOPsychieves comparable quality while sustaining a signi cantly higher frame rate.

Real-World Datasets Beyond synthetic data, we further validate our pipeline on real-world ob-
ject—scene composition. Fpublic datasets we select four objects from BlendedMVS (Yao et al.,
2020) and four scenes from Tanks and Temples (Knapitsch et al., 2017), with the results shown
in Fig. 11. We also evaluate amartphone-captured sequencesncluding two objects and two
scenes reconstructed using COLMAP (Schonberger & Frahm, 2016), as illustrated in Fig. 14. Over-
all, these results demonstrate that our approach generalizes well to real-world data, producing har-
monious compoaositions with realistic shadows.

4,3 RECONSTRUCTIONPERFORMANCE

Although our main focus is realistic 3D object—-scene composition, we also assess reconstruction
accuracy on TensolR (Jin et al., 2023) and our SynCom-Object dataset. As shown in Table 2, our
approach achieves accuracy comparable to state-of-the-art methods while delivering the fastest re-
construction, thanks to the proposed SOPs. R3DG attains the highest novel view synthesis accuracy
due to its lack of indirect lighting supervision, but this causesrrect indirect lightingandbright

spot artifactdn relighting, as shown in Figure 19. Compared with IRGS, our method avoids expen-
sive per-point ray tracing through ef cient KNN interpolation and trains on the full image instead

of random pixel sampling. Quantitative results on SynCom-Obiject (Table 4) further validate the
accuracy and ef ciency of our method. Additional results are provided in Appendix C.

4.4 LIGHTING ESTIMATION PERFORMANCE

We present environment maps estimated by different methods in Figure 6. Inverse rendering ap-
proaches, such as GS-IR and IRGS, struggle to capture the intricate lighting transports in com-
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horsein artwall toyin attic kettlein forest bottlein room

ZeroComp DiffHarmony Empty Scene

GS-IR

IRGS

Ground Truth Ours (SOPs) Ours (Trace) DiffusionLight

Figure 7:0bject-scene composition results on SynCom datasédur methodsQurs (Trace)and

Ours (SOPs)outperform others in realistic object-scene composition, producing harmonious visu-
als and realistic shadowSQurs (Trace)offers slightly better quality but at a lower rendering frame
rate. DiffHarmony and ZeroComp, based on image-level harmonization or composition, struggles
with scene-object occlusion. Inverse rendering methods like GS-IR and IRGS deviate from real
lighting in complex scenes: GS-IR's coarse model lacks harmony, while IRGS, though more de-
tailed, fails to render realistic shadows. DiffusionLight generates shadows in some cases but suffers
from instability due to inconsistent single-image estimations across different viewpoints.
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plex scenes. This dif culty is further exacerbated by the incomplete coverage of captured views.

Learning-based methods such as DiffusionLight, rely on a single input image and often produce
inconsistent lighting estimations across different viewpoints. By contrast, our method leverages the
reconstructed scene radiance eld, enabling both higher-quality lighting estimation and multi-view

consistent object—scene composition. Further results are presented in Appendix D.

5 DISCUSSION

Assumptions and Failure Cases3D object-scene composition is a highly challenging problem,
and we rely on several assumptions (Ye et al., 2024b; Wang et al., 2022b) to make it tractable.

» The inserted object is relatively small and affects only the local area of the scene.
» The scene is predominantly Lambertian, allowing a reasonable approximation of shadows.

These assumptions naturally limit the applicability of our approach. As illustrated in Figure 8, two
representative failure cases highlight these limitations.

In the rst case, the object fails to cast a remote shadow,

which is due to the rst assumption. In the second case,

we modify the table in theoomscene from our SynCom

dataset to be highly specular, which prevents our method

from accurately modeling mirror-like re ections. This (&) Remote shadow  (b) Mirror re ection
failure stems from both the second assumption and kgure 8: Failure cases. We failed to
limitations of the 2DGS-based reconstruction stage (Se@st remote shadow and model mirror-
tion 3.1.1), which struggles with re ective scenes.  like re ections.

SOPs Placementin our experiments, we place SOPs using a heuristic approach to reduce light
leaking, by slightly offsetting each SOP along the surface normal. In all experiments, this offset is
set to 1% of the object size. This is validated to some extent in Figure 20 and Table 5, and we did
not observe any noticeable failures or severe light leaks in all our experiments. We also nd that
the shadow quality improve as the number of SOPs and the resolution of their textures increase in
Figure 15. Building on these insights, future work could explore adaptive SOP placement strategies
to achieve better delity with fewer SOPs, and reduce memory usage.

Incremental SOP Updates Our pipeline naturally handles camera motion, since SOPs cache oc-
clusion in scene space and can be reused across views. When the inserted object moves, changes in
visibility and lighting require recomputing SOPs. Developing ef cientincremental update strategies

for moving objects remains challenging and is an interesting direction for future work.

Single-View ScenesOur method relies on multi-view 3D reconstruction, but extending it to single-
image inputs is an interesting direction for future work.

6 CONCLUSIONS

In this study, we tackle the challenge mgfalistic 3D object-scene compositionseamlessly inte-
grating objects into scenes witlisual harmonyand physically plausible shadowing/Ne propose
ComGS, organized into three stages: reconstruction, edit, and rendering. rectrestruction

stage, we reconstruct relightable Gaussian objects and the scene's Gaussian radiance eld. Surface
Octahedral Probes (SOPs) are introduced to accelerate object reconstruction without compromising
accuracy. In thesdit stage, within the context of object-scene composition, we simplify complex
scene lighting estimation to a local lighting completion problem at the object placement site, solved
via a ne-tuned diffusion model. SOPs are also used to cache occlusion caused by the inserted
objects. In theenderingstage, we perform object relighting and shadow computation, combining
results through depth compositing to produce the nal object-scene composition. Our framework
enables near-real-time rendering with vivid and physically plausible shadows.
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A DETAILS OF SYNCOM DATASET

A.1 OVERVIEW

The task ofealistic 3D object—scene compositionims to reconstruct objects and scenes separately
from two sets of multi-view images, and then integrate the reconstructed 3D objects into the 3D
scenes in a visually harmonious manriRealismhere means that the composed objects match the
scene in appearance and produce physically plausible shadows.

To enable quantitative evaluation, we introdusgnCom (Synthetic Composition), a synthetic
dataset designed for this task. Compared to real-world data, synthetic data offers precise control
over object placement and camera setting, ensures accurate ground-truth for the composed scenes,
and provides high reproducibility, all of which facilitate reliable quantitative assessment. Below, we
provide a detailed description of the SynCom dataset.

A.2 DATA SOURCE

Figure 9: Assets collected from BlenderKit, serving as the data source for our SynCom dataset,
comprising four objectdipttle, horse kettle toy) and four scenesatwall, attic, forest room).

We collect 4 object assets and 4 scene assets from BlenteaKitinder permissive licenses. The
assets are shown in Figure 9. The object assets are designabettlgshorse kettle andtoy,

while the scenes are labeled agwall, attic, forest androom To facilitate camera placement

and approximate realistic environments, we perform careful manual editing of the scenes, adjusting
layouts and enriching content.

A.3 SYNCoM DATASET

Our SynCom dataset is organized into three distinct collectiobjgct sceneandcomposition We
render the dataset using the Cycles engine in Bleéntdeachieve high physical realism, particularly
accurate global illumination and shadow effects.

Object Collection This collection is created by rendering each of the four objects individually.
The objects are illuminated using freely available 1K-resolution HDRIs from PolyHa&envi-
ronment maps. The collection is divided into a training set and a testing set. The training set focuses
on the upper hemisphere of each object, with 200 camera positions randomly sampled around this
region. The testing set comprises 100 images captured from three distinct latitude circles around

https:/iwww.blenderkit.com/
2https://www.blender.org/
3https://polyhaven.com/
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