3DReflecNet: A Large-Scale Dataset for 3D Reconstruction of Reflective,
Transparent, and Low-Texture Objects

Supplementary Material

A. Web Interface and Dataset Access

We have developed a web interface, illustrated in Figure 1,
to facilitate browsing and retrieval of the 3D instances.

B. Instance Breakdown

To support various downstream tasks, we provide different
types of ground truth data to serve as supervised labels. For
each synthesis instance, we provide:
* 50 views RGB PNG images of 1,000 x 1,000 resolution
* corresponding depth images in exr format
* corresponding normals images in exr format for high pre-
cision training
* corresponding mask images
e point cloud file
e Camera internal/external parameters
 Physically-based rendering file (in format of .blend).
For each real-world instance, we provide:
* >60 views RGB PNG images of 1920 x 1080 (or 3840 x
2160) resolution
* corresponding mask images
e point cloud file
» Camera internal/external parameters
The design of the instance breakdown can serve different
downstream tasks as summarized in Table 1.

C. Near-Field Illumination

While standard HDRI environment maps assume illumina-
tion from infinity, they could fail to capture the spatial varia-
tions of indoor lighting. To enhance realism, we augment the
global environment map with near-field lighting, explicitly
simulating local effects by positioning one or two finite-
distance point lights on the upper hemisphere. (Figure 2).

D. Assets Generation using 2D image

We generated 3D objects from a dataset of over 5K high-
quality real-world captures and synthetic images, using either
Hunyuan3D-2.1 [39] or Stable3DGen [47]. The generation
process used 50 inference steps and an octree resolution of
320. The resulting objects have an average size of ~ 52 Mb
and an average of ~ 25K vertices.

We then performed a manual quality check on the gen-
erated assets. While many models, like the electric fan in
Figure 3 (left), accurately reproduce the source object’s struc-
ture, some fail to represent the intended shape faithfully, such
as the shoe example in Figure 3 (right). We filtered out these

suboptimal results, retaining a final dataset of over 20K high-
quality shapes. Figure 15 shows more examples of these
selected shapes and materials. Finally, Figure 16 showcases
the realistic light reflection behavior on a generated steel
asset under various lighting conditions.

E. Image Matching

We provide additional details on the image matching task.
Current methods often struggle to deliver satisfactory image
matching accuracy for reflective, transparent, or low-texture
objects under varying viewpoints, due to their complex and
view-dependent appearance characteristics. Figure 4 show
cases Eloftr [44] performance under these challenging cases.
We also provide quantitative results on our real-world cap-
tures. For this, we sampled 100 instances to benchmark the
performance of several SOTA image matching methods, with
results presented in Table 2.

The overall modest scores shown in Table 2, with the
top-performing method only achieving 59.5 at AUC@20°,
indicate that robustly matching our real-world instances of
challenging materials remains a significant and unsolved
problem.

F. Detailed Surface Reconstruction Results

We provide a detailed quantitative comparison of surface
reconstruction baselines in Table 3. The results are broken
down by our five main material categories to show how
performance varies with material complexity.

All methods, including 2DGS, exhibit a clear perfor-
mance degradation as material complexity increases. The
best results are achieved on Diffuse materials, followed by
a noticeable drop on Glossy surfaces, and a severe drop on
Metallic and Transparent materials. The failure of methods
like PGSR and Instant-NGP is particularly evident in the
Hausdorff distance, which explodes on non-Lambertian ma-
terials, indicating a catastrophic failure to reconstruct large
parts of the geometry.

G. Highlight and Specular Reflection Removal
G.1. Preliminary

Highlight removal and specular reflection removal address
different types of image artifacts caused by light interactions
with surfaces and transparent media. Both problems can be
formally described using simplified physical models.



Instance Gallery

Search

Q

v Category Filter

v image Type Kloppenheim 02 Enamel Kioppenheim 02 Enamel

n

RGB.

Depth

Normal
Mask

v Has Glass

Buikslotermeerplein Marble Buikslotermeerplein Marble

Kloppenheim 02 Enamel

Buiksiotermeerplein Marble

Kloppenheim 02 Enamel Glass Kloppenheim 02 Enamel Glass Kioppenheim 02 Enamel Glass

Snowy Field SmoothGold Buikslotermeerplein Marble.

Figure 1. Webpage: User-friendly interface for easy browsing and retrieving 3D instance.

Table 1. Overview of dataset composition and supported downstream applications.

Design Task
Normals Normal Estimation [46, 47]; Surface Reconstruction [19, 31]
Depths Depths Estimation [48]

Masks Segmentation [33], Detection [5]

(non-)Uniform Lighting
Multi-view Renderings
w/ (w/o) Glass Reflection

Inverse rendering [24], Highlight Reflection Removal [6, §]
Image Matching [7, 36], Structure from Motion [35], 3D Reconstruction [19]
Specular Reflection Removal [42]

w/ localillumination

w/o local illumination

Figure 2. Synthetic Enhancement for Indoor Scenes. Top: Local
illumination with finite-distance lights. Bottom: Standard infinite-
distance HDRI.

Highlight removal focuses on separating the observed
image intensity [ into its diffuse and specular components:

I=1;+1I (1)

where I; denotes the diffuse component and I the specular
component. The diffuse component originates from subsur-
face scattering and re-emission of light, while the specular

Table 2. Evaluation of Image Matching on Real-World Capture

Method AUC@5°t AUC@10°1T AUC@20°t
SuperPoint+ NN 239 33.8 41.2
SuperPoint + SuperGlue 26.2 43.1 51.3
SuperPoint+ LightGlue 25.8 43.5 51.9
LoFTR 27.1 45.9 50.8
AspanFormer 28.3 47.2 51.2
ELoFtr 28.5 47.1 53.7
ROMA 343 49.9 59.5

component arises from direct reflection of incident light. The
magnitude and spatial distribution of I, depend on surface
properties such as roughness and material type.

In contrast, specular reflection removal addresses images
captured through transparent media, such as glass. In such
cases, the observed image [ is a mixture of a transmission
layer I; and a reflection layer I,.:

I=L+1I, 2

Here, I; corresponds to the scene visible through the trans-
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Figure 3. Qualitative Results of 3D Generated Models with Various Materials and Environment Maps. This figure showcases generated
models with diverse materials under different lighting. The instance on the left demonstrates a high-quality shape, while the instance on the
right shows a failure case that was filtered from our final dataset.

Table 3. Detailed quantitative comparison of surface reconstruction methods on the 3DReflecNet dataset, broken down by material category.
‘NGP’ refers to Instant-NGP [28]

Diffuse Transparent Metallic Glossy-Textured Glossy-Low-Texture
Metric 2DGS NGP Neus2 PGSR 2DGS NGP Neus2 PGSR 2DGS NGP Neus2 PGSR 2DGS NGP Neus2 PGSR 2DGS NGP Neus2 PGSR
Hausdorff | 0303 1.119 0.872 0483 2347 3214 2982 6842 1.862 2873 2641 5923 1.053 1924 1.632 4102 1.248 2.105 1.824 4876
PSNR 1 3532 3296 3355 3406 2276 20.04 21.65 1795 2641 2358 2422 1984 31.05 2810 2932 2432 2987 2684 2791 2210
SSIM 1 0.960 0941 0.949 0954 0811 0.762 0.789 0.742 0.867 0.821 0.834 0.772 0.928 0.885 0.902 0.821 0912 0.863 0.884 0.795

LPIPS | 0.070 0.098 0.087 0.088 0.190 0.253 0218 0.347 0.188 0.242 0212 0328 0.121 0.179 0.148 0.256 0.138 0.192 0.167 0.284

parent surface, often degraded by refraction and absorption,
while I, results from light reflected off the surface of the
medium. These components are often modeled as:

I = alr 3

I = B(Ir * k) “

where I7 and I denote the original transmission and reflec-
tion images, respectively; v and (3 are weighting coefficients;
and k is a degradation kernel accounting for blurring or dis-
tortion introduced by the reflective surface.

While both tasks involve decomposing a mixed image
into multiple layers, they differ in their physical assumptions
and application contexts. Highlight removal targets localized
reflections on opaque surfaces, whereas specular reflection
removal addresses global reflections through transparent

materials. Removing specular highlights and reflections en-
hances image-matching accuracy and, in turn, improves the
final 3D reconstruction.

G.2. Evaluation of Reflection Removal on
3DReflecNet

We evaluated four state-of-the-art reflection removal base-
lines on the 3DReflecNet dataset. For this experiment, we
uniformly sampled 1,000 images, applying each method and
reporting the average PSNR and SSIM against the ground
truth transmission layer. The quantitative results are pre-
sented in Table 4.

The results in Table 4 show a clear performance trend, with
DSIT achieving the best results (24.07 PSNR / 0.795 SSIM),
followed by RRW and DSRNet. These modest scores are
comparable to those reported on other challenging real-world
datasets. This consistency validates that our experimental
setup is effective and that 3DReflecNet serves as a challeng-
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Figure 4. Qualitative results on Efficient Loftr [44] on reflective, transparent Materials.

Table 4. Quantitative comparison of reflection removal baselines
on 1,000 images from the 3DReflecNet dataset. Higher is better for
both metrics.

Metrics ERRNet [45] DSRNet[11] RRW [52] DSIT [12]
PSNR (1) 19.49 22.92 23.11 24.07
SSIM (1) 0.701 0.782 0.791 0.795

ing and physically-realistic benchmark.

H. Evaluation of NVS and Surface Reconstruc-
tion on Real-World Captures

To validate the challenges of our dataset, we benchmarked
SOTA methods on our real-world captures. The following
tables present the performance for Novel View Synthesis
(NVS) and Surface Reconstruction tasks.

NVS Analysis. The NVS results on our real-world data in
Table 5 show a clear performance hierarchy, with 2DGS
(33.16 PSNR) performing best, followed by Splatfacto

Table 5. Novel View Synthesis performance on the real-world
dataset. Metrics: PSNRT (LPIPS))

Method Real-world Dataset
Instant-NGP [28] 28.12 (0.025)
3DGS [19] 30.99 (0.020)
Splatfacto [37] 32.07 (0.020)
2DGS [13] 33.16 (0.021)

(32.07 PSNR). The NeRF-based Instant-NGP (28.12 PSNR)
lags significantly behind the Gaussian Splatting methods.
These scores, which are lower than those for the synthetic
Diffuse category, confirm that our real-world captures, with
their complex materials and lighting, pose a significant chal-
lenge.

Surface Reconstruction Analysis. The surface reconstruc-
tion results in Table 6 highlight the significant challenge our
real-world dataset poses for all tested methods. The results



Table 6. Surface Reconstruction performance on the real-world
dataset. Metric: Chamfer Distance ({). Lower is better.

Method Real-World Dataset
Instant-NGP [28] 0.139
Neus2 [43] 0.132
2DGS [13] 0.105
PGSR [1] 0.207

demonstrates the similar phenomenon to those on the syn-
thetic dataset, indicating that the SOTA methods, designed
for simple Lambertian surfaces, are not robust to the com-
plex, non-Lambertian challenges our dataset exposes.

I. Relighting

We evaluated four SOTA relighting methods on the
3DReflecNet dataset. These methods are designed to de-
compose materials into their intrinsic properties (albedo,
roughness, etc.) to allow for rendering under novel light-
ing conditions. We report the average PSNR and SSIM for
novel-light rendering against the ground-truth images.

Table 7. Quantitative comparison of SOTA relighting baselines on
the 3DReflecNet dataset.

Metrics  GS-IR [22] GI-GS [3] NVDiftrec [29] TensolR [16]
PSNR 19.32 20.02 16.98 23.39
SSIM 0.812 0.826 0.795 0.874

The results in Table 7 show that TensoIR achieves the best
performance among the baselines, with a PSNR of 23.39.
The other Gaussian-based methods, GI-GS and GS-IR, per-
form moderately, while NVDiffrec struggles significantly.
However, the modest scores of all methods, with the top per-
former failing to exceed 24 dB PSNR, confirm the findings
from our main paper: the complex, non-Lambertian materi-
als in 3DReflecNet pose a significant challenge for current
SOTA relighting techniques. We thus believe our large-scale
dataset of physically-based assets will be a valuable resource
for driving future research in this area.

J. Detailed Analysis of Material Parameter Im-
pact

To provide a comprehensive visual reference for the param-
eter sweep analyzed in the main text, Figure 11 presents
the rendered appearance of all 48 unique material configu-
rations tested in our experiments. The 48 combinations are
structured into three distinct physical categories. Each cate-
gory contains 16 variations derived from a 4x4 grid spanning
Roughness (0.0, 0.3, 0.6, 0.9) and IOR (1.0, 1.3, 1.6, 1.9):

* Opaque Non-Metals (Dielectrics): (Metallic=0, Transmis-

sion=0). 16 combinations.

* Opaque Metals (Conductors): (Metallic=1, Transmis-
sion=0). 16 combinations.

* Transparent Non-Metals (Dielectrics): (Metallic=0, Trans-
mission=1). 16 combinations.

The physically implausible combination of (Metallic=1,
Transmission=1) was excluded, resulting in the 48 total test
cases. This figure allows for a direct visual correlation be-
tween a material’s appearance and its corresponding recon-
struction quality shown in the main paper’s analysis.
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Figure 5. Detailed Impact of Roughness and IOR on Reconstruction
Quality for Opaque, Non-Metallic Materials.

The heatmaps in Figure 5 provide a granular analysis
of the 16 parameter combinations for opaque, non-metallic
materials (Metallic=0, Transmission=0). The three heatmaps
plot reconstruction quality metrics against Roughness (x-
axis) and Index of Refraction (y-axis). This analysis reveals
two key insights:

Roughness is the Dominant Factor for Opaque, Non-
Metallic Materials. A strong, consistent trend is visible
across all three metrics: reconstruction quality fails catas-
trophically at low roughness and improves dramatically as
roughness increases. At Roughness=0.0, PSNR values are
poor, clustering in the 23-27 dB range. As roughness in-
creases to 0.9, the PSNR values improve significantly to
the 34-35 dB range. This confirms the hypothesis from the
main text: smooth, low-texture surfaces starve the 3DGS
algorithm of the high-frequency features needed for multi-
view correspondence. As roughness increases, the material’s
microsurface scatters light more diffusely, which effectively
acts as a high-frequency texture that the algorithm can suc-
cessfully use for matching, drastically reducing failure.
IOR has a Minimal Effect in Opaque, Non-Metallic
Cases. In contrast to the strong influence of roughness, the
IOR has a very weak, almost negligible, impact on recon-
struction quality. For a non-metallic, opaque material, the
IOR’s primary physical effect is controlling the intensity of
specular reflections (the Fresnel effect). Across all metrics,
the vertical columns in the heatmaps are nearly uniform in
color. For example, at a Roughness of 0.3, the PSNR only
varies from 27.47 to 29.23 (a < 2 dB difference) as IOR
spans its entire 1.0-1.9 range. At high Roughness=0.9, the
IOR has virtually no impact, with PSNR remaining static be-
tween 34.14 and 34.68. This is because the high roughness
diffuses all reflections, rendering the IOR-driven Fresnel
effect imperceptible.



This detailed breakdown confirms that the reconstruction
failures in this subset are driven almost entirely by the lack
of geometric features on smooth surfaces, not by the view-
dependent reflectivity introduced by IOR. This stands in
stark contrast to the transparent and metallic cases, where
reflectivity and refraction are the primary causes of failure.
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Figure 6. Comparative analysis of reconstruction quality for metal-
lic vs. non-metallic and transparent vs. opaque materials. The box
plots show the distribution of PSNR, SSIM, and LPIPS results
when aggregating all other material variations.

Analysis of Binary Parameter Effects (Metal & Transpar-
ent). While the heatmaps analyze the non-metallic, opaque
subset, Figure 6 analyzes the aggregated impact of the binary
‘Metal’ and ‘Transparent’ parameters across all 48 configu-
rations.

Metallic materials cause significant pixel-wise failure.
Setting ‘Metal=1" has a severe negative impact on recon-
struction quality, causing a dramatic drop in median PSNR
(from 33 dB to 25 dB) and SSIM (from 0.96 to 0.91).In-
terestingly, this degradation is not reflected in the perceptual
LPIPS metric, where the median error for metallic objects
(0.062) is slightly better than for non-metallic ones ( 0.064).

Transparent materials consistently degrade all metrics.
Transparency (‘Transparent=1") is a more consistent failure
case, degrading performance across all metrics. It causes a
clear drop in median PSNR (from 30 dB to 28 dB) and
SSIM (from 0.95 to 0.92). This negative effect is most pro-
nounced in the perceptual LPIPS metric, where the median
error for transparent objects ( 0.08) is significantly worse
than for opaque objects ( 0.05).

K. A Physically-Based Analysis of Failure
Modes in Multi-View 3D Reconstruction

K.1. The Physics of Image Formation: A Ground-
Truth Model

To comprehend why certain algorithms fail, one must first
establish a ground-truth model of the physical process they
attempt to approximate. In computer graphics and physics,
the interaction of light with surfaces is meticulously de-
scribed by the principles of radiometry and physically based
rendering. This section establishes a comprehensive and
mathematically rigorous model of image formation, which
will serve as the physical reality against which the simplified
models used in computer vision are compared and critiqued.
Formulate Light in Equilibrium. The cornerstone of
physically based rendering is the Rendering Equation, an
integral equation independently introduced by Immel et
al,,[14] and Kajiya et al.,[18] in 1986. It provides a com-
plete and elegant description of the equilibrium state of light
transport in a scene, defining the amount of light leaving any
given point on a surface in any given direction. The equation
is a statement of energy conservation, asserting that the total
light leaving a point is the sum of the light it emits and the
light it reflects from all other sources in the environment.
Its canonical form is expressed as:

Lo(z,w,) = Le(oz,wo)+/ fr(x, wi, wo)Li(z, w;) (new; ) dw;
Q
)

Each component of this equation has a precise physical
meaning:

* L,(x,w,): The outgoing radiance from a point = on a
surface in a specific direction w,. Radiance is the radio-
metric quantity of light energy per unit solid angle per unit
projected area, and it is what a camera sensor ultimately
measures to form an image.

* L.(z,w,): The emitted radiance from point x in direction
w,. This term is non-zero only for surfaces that are light
sources themselves. For most objects in a scene, this term
is zero.

. j Q An integral over the unit hemisphere (2 oriented around
the surface normal n at point x. This signifies that to cal-
culate the total reflected light, one must account for all
possible incoming light directions from the entire hemi-
sphere above the surface.

* fr(x,w;,w,): The Bidirectional Reflectance Distribution
Function (BRDF). This function is the heart of material
appearance, defining the ratio of reflected radiance in the
outgoing direction w, to the incident irradiance from an
incoming direction w;.It mathematically describes the in-
trinsic reflective properties of the material at point x.

* L;(z,w;): The incident radiance arriving at point z from
direction w;. This term is what makes the Rendering Equa-
tion a global and recursive construct. The light arriving at



point z is simply the outgoing light, L,, from some other
point in the scene that is visible from x along the direction
—w;. This recursive definition means that the appearance
of a single point is dependent on the appearance of every
other point in the scene, modeling phenomena like indirect
illumination and color bleeding.

* (n-w;): Lambert’s Cosine Law. This is a geometric term
representing the dot product between the surface normal n
and the incoming light direction w;. It accounts for the fact
that a surface receives less light flux per unit area from
sources at grazing angles, as the incident energy is spread
over a larger area.

The recursive and integral nature of the Rendering Equa-
tion reveals a fundamental truth about image formation: it
is a global phenomenon. The color of a single pixel is not a
purely local property but is the result of a complex interplay
of light bouncing throughout the entire scene, converging at
that point before traveling to the camera. This global light
transport system, which includes inter-reflections between
surfaces, is a physical reality that most local, patch-based
computer vision algorithms fundamentally fail to model.

K.2. Light Behavior with Complex Materials

A material’s electronic response, internal composition,
and surface microgeometry dictate the fate of impinging
light—whether it is reflected, refracted, transmitted, or ab-
sorbed. In rendering and inverse-vision, these processes are
commonly expressed via bidirectional scattering functions
and Fresnel’s laws [17, 26].

K.2.1. Fresnel Reflectance and Refraction

At the interface between media with refractive indices nq
and no, the proportions of reflected and refracted light are
governed by Fresnel’s equations [17]. For unpolarized light,
the reflectance F). as a function of incident angle 6; is

Fr(ei) _ 1 |:(nl cos 0;—no cosb‘t)2 + (ng cos;—nq cosGt)2:|

2 | \nj cos 0;+nz cos O ng cos 0;+n1 cos Oy
(6)
with 0; given by Snell’s law n4 sin§; = ns sin6; [9]. The
transmitted fraction 7' then satisfies energy conservation
F.+ T+ A =1, where A is absorption.

K.2.2. Microfacet BRDF for Specular Reflection

Metals and glossy dielectrics exhibit specular reflection that

varies with surface roughness. The microfacet BRDF [4] is

D(h) G(w;,ws,) Fr(w; - h)
4 cosB; cosf,

fr(wiawo) =

N

where w;, w, are the incident and exitant directions, A is the
half-vector, D the normal distribution function, G the geo-
metric shadowing—masking term, and F). the Fresnel term.
We adopt the Trowbridge—Reitz (GGX) [40] distribution

a2

D(h) = 8
() 7r[(a2—1)00529h+1}2 ®

and the Smith—Walter G function [10, 41]. Figure 7 illus-
trates the process.
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K.3. BTDF for Transmission

Transparent dielectrics require a bidirectional transmission
distribution function (BTDF) to model refracted light. A
common form combines Fresnel-weighted refraction with
microfacet masking [41]:
1 — F,.) D(h) G(w;,w,) (na/n1)?
fi(winwo) = ( ) D(h) Glwi, wo) (m2/m)” o)

4 cos0; cosb,

K.4. Diffuse Scattering and Absorption

Pigmented or rough materials scatter light diffusely. Lam-
bert’s law approximates uniform scattering:

fa=2 (10)

where p is albedo. Subsurface scattering in plastics and paints
can be modeled via the Kubelka—Munk theory [20] or dipole
diffusion [15].

K.S. Foundational Assumptions in Multi-View Re-
construction

Standard reconstruction pipelines, composed of Structure-
from-Motion (SfM) and Multi-View Stereo (MVS), are built
upon core assumptions that simplify the complex physics of
light into a tractable problem.

K.5.1. The Assumption of Photometric Consistency in
MVS

The central assumption of MVS is that a true 3D point on a
surface will exhibit a similar color across multiple camera



Table 8. Mapping of Material Properties to Violated Algorithmic Assumptions.

Material Type \ Primary Phenomenon

| Violated Assumption(s)

Consequence

Low-Texture Lack of high-frequency
albedo variation.

Feature
Photometric Uniqueness

SfM fails to find matches.
MYVS cost volume is ambigu-
ous, leading to noisy/flat ge-
ometry.

Correspondence,

Reflective View-dependent specular re- | Photometric Consistency SfM matching can be unre-
flection (BRDF). liable. MV S produces noisy,
inaccurate, or incomplete ge-

ometry.
Transparent Refraction of light (Snell’s | Photometric ~ Consistency, | Complete failure. Photomet-
Law), internal reflections. Linear Light Propagation | ric matching is impossible.
(Epipolar Geometry) Triangulation is geometri-

cally invalid.

views. MVS algorithms construct a cost volume by compar-
ing image patches between views at hypothesized depths,
seeking the depth that minimizes the matching cost (e.g.,
Sum of Squared Differences). This assumption of view-
invariant appearance is, in essence, an implicit assumption
of Lambertian reflectance. Any deviation from this ideal
diffuse behavior represents a potential violation of this core
assumption.

K.5.2. The Assumption of Feature Correspondence in
SftM

SfM pipelines operate by detecting and matching sparse,
salient feature points (e.g., using SIFT [25]) across multiple
views to solve for camera poses. This relies on the assump-
tion that the local appearance of a feature is sufficiently
stable across viewpoints to allow for reliable matching. This
assumption breaks down under the drastic, non-linear ap-
pearance changes caused by strong specular reflections.

K.5.3. The Assumption of Linear Light Propagation in
Epipolar Geometry

The entire geometric framework of multi-view reconstruc-
tion is predicated on a simple and fundamental assumption:
light travels in a straight line from a 3D point to the camera
center.Any phenomenon that causes the light path to bend,
such as refraction, will invalidate the principles of epipolar
geometry and the triangulation methods used to compute 3D
structure.

K.6. Conclusion and Future Directions.

The failures of conventional multi-view 3D reconstruction
pipelines on reflective, low-texture, and transparent materials
are not isolated algorithmic bugs. They are the direct and
predictable consequences of a fundamental conflict between
the simplified physical models embedded in these algorithms
and the complex reality of light transport. The entire STM-
MVS pipeline is built on a set of assumptions that hold only

for a small subset of real-world scenes: those that are well-
textured, opaque, and largely diffuse. The core argument
can be summarized by mapping material properties to the
specific assumptions they violate in Table 8.

L. Annotations for Generative 3D Vision Tasks

We extend 3DReflecNet beyond perception tasks by provid-
ing detailed textual annotations for each instance, enabling
future research in generative 3D vision. This section de-
scribes our annotation methodology, format, and provides
comprehensive examples to facilitate integration with down-
stream generation pipelines.

L.1. Annotation Methodology

Our annotation pipeline leverages the Qwen3-VL-30B-A3B-
Instruct [38] vision model to generate structured descriptions
for each instance in 3DReflecNet. The annotation process
captures four key aspects:

1. Detailed Material Descriptions: Comprehensive descrip-
tions of surface properties, including reflectance charac-
teristics, roughness, transparency, and material composi-
tion.

2. Lighting Condition Tags: Explicit annotations of lighting
setup, including light types, directions, intensities, and
environmental illumination.

3. Semantic Instance Descriptions: Object-level descriptions
that capture both geometric and appearance properties
relevant for 3D generation.

L.2. Annotation Format

Each instance in 3DReflecNet is annotated with structured
text following a hierarchical schema. The format includes
separate fields for material properties, lighting descriptions,
and a natural language generation description which can be
used as prompts for downstream tasks.



Figure 8. Input images used for annotation (low/middle/high camera
angles).

L.3. Annotation Examples

We provide a concrete example of our annotation pipeline in
Figure 8, Figure 9 and Figure 10.

Figure 8 and Figure 9 show the images and complete
prompt used to instruct the VLLM, along with a sample
meta.json file. This input file provides database information,
such as material_name, and the ground-truth categories.

Figure 10 shows the corresponding fags.json file gener-
ated by our pipeline. As demonstrated, the process strictly
adheres to the prompt’s rules: it correctly copies the category
field from the input and populates the material_properties,
environment, and description fields based on the model’s
visual analysis.

L.4. Integration with Generation Pipelines

Our rich annotations enable seamless integration with vari-
ous generative 3D vision pipelines. We discuss specific use
cases for different generation tasks.

L.4.1. Text-to-3D Generation

The natural language generation prompts can be directly
used as conditioning text for diffusion-based 3D generation
models [32, 49]. The material and lighting tags enable:

* Material-aware NeRF optimization: Tags guide material
parameter initialization and constraints during neural radi-
ance field training

* PBR parameter prediction: Separate channels for rough-
ness, metallic, and normal maps

e Multi-view consistent rendering: Lighting descriptions
ensure photometric consistency across views

L.4.2. Text-to-Texture Synthesis

Material property annotations guide texture generation

pipelines [2, 34]:

* Roughness and metallic maps: Surface property map syn-
thesis

* Normal map inference: Surface detail generation from
descriptions

* Environment-aware baking: Lighting-consistent texture
synthesis

L.4.3. Image-to-3D Reconstruction

Lighting descriptions enable advanced reconstruction tech-
niques [23, 47]:

Value

Total annotated instances 126768
Average description length  268.74 words
Unique material 22
Unique lighting conditions 2700+

Metric

Material Complexity Distribution:

Diffuse 18.2%
Transparent 9.1%

Metallic 22.7%
Glossy-Textured 13.6%
Glossy-Low-Texture 36.4%

Lighting Condition Distribution:

Indoor - Furnished 8.58%
Indoor - Empty 16.22%
Outdoor - Natural 28.24%
Outdoor - Urban 21.22%
Studio 25.74%

Table 9. Statistics of generation-task annotations in 3DReflecNet.
The dataset covers diverse material types and lighting conditions
suitable for various generative 3D vision tasks.

* Relighting capability: Material inference for novel lighting
conditions

 Lighting-invariant reconstruction: Robust 3D shape recov-
ery under varying illumination

L.4.4. Image Editing and Manipulation

Rich annotations support material-aware image editing [21,
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* Material-consistent inpainting: Preserving material prop-
erties during completion

* Lighting-aware object insertion: Matching illumination of
inserted objects

» Physical plausibility checking: Validating edits against
material-lighting interactions

L.5. Annotation Statistics

Table 9 provides comprehensive statistics of our annotation
dataset, demonstrating the scale and diversity of our annota-
tions for generative tasks.

M. Related Works

M.1. Specular Highlight & Reflection Removal

Specular Highlight Removal (SHR) and Single Image Reflec-
tion Removal (SIRR) aim to separate interfering light from
true scene content. SIRR is a severely ill-posed problem, and
modern deep learning approaches are often bottlenecked by
an "insufficiency of densely-labeled training data”. Recent
work like RRW [52] confronts this by creating large-scale,



Asset Image Annotation Prompt

Prompt:
You are a rigorous visual annotator. Please output a concise, structured result containing only JSON based on three
images of the same instance (low/flat/high angles).

* The model is placed on a marble surface.

» The camera height ratio for the three angles are 0.3 / 1.0 / 1.5 (relative to the model height).

e category.main/sub must be strictly copied from meta.json; no reclassification is allowed.

* Only judge “material appearance attributes” and environment”’; do not output database fields (hasGlass, transparent,
isGenerated, material_name).

* All values must be selected from the provided enums or value ranges.

Note: Output Fields (Only These!)

e instance.id: string (from meta.json or parameters)

e category: { main: string, sub: string } (strictly copied from meta.json; reclassification is prohibited)

* material_properties:

— glossiness: “matte”—*“semi-gloss”—*"“glossy”—*“mirror”
— roughness: number (0.0-1.0)

— reflectivity: “none”—"“weak”—"“medium”—*"“strong”

— texture_scale: "fine”—"“medium”—*"“coarse”

— anisotropy: ‘“none”—"“weak”—strong”

— metallic_hint: “non-metal”—“mixed”—“metallic”

* environment:
— indoor_outdoor: “indoor”—*“outdoor”’—*“unknown”
— light_type: “natural”—*artificial’—*“mixed”—“unknown”
— light_intensity: “weak”—“medium”—*"strong”—*“unknown”
— key_light_direction: “left"—"right”"—"“front”—*‘back”—*“top”—*"“ambient”—"“unknown’
— shadow_hardness: “soft”—*“medium”—*"“hard”—*“unknown”
* description: string (briefly describe the appearance of the instance in English)
Note: Category Fields to Be Strictly Copied!
* category.main = “{cat_main}”
* category.sub = “{cat_sub}”
The following is meta.json (for reference only; do not use its database fields for judgment):

s

{

"instance_id": "7db354ab-34a0-4634-b4e3-cf100ad4736c9",
"main_category": "culture",

"sub_category": "sculpture",

"model_name": "Roman_Statue.blend_Zenobia in Chains statue",
"material_name": "cleanSnow",

"env_name": "quarry_cloudy_4k.exr",

"hasGlass": false,

"isGenerated": false,

"transparent": false

Figure 9. The prompt for generating description for an asset

aligned real-world datasets. Architecturally, the field has for generalization [8].
evolved from location-aware models [6] to dual-stream net-

works, such as the interactive transformers in DSIT [12]. The M.2. Relighting
related field of SHR also relies on deep learning, highlight-

. . " . - N Modern 3D reconstruction with Neural Radiance Fields [27]
ing the importance of “leveraging large-scale synthetic data

excels at view synthesis but entangles geometry, materials,



Generated Annotation Output (tags.json)

{

"category": {
"main": "culture",
"sub": "sculpture"

}I

"material_ properties": {
"glossiness": "matte",
"roughness": 0.3,
"reflectivity": "weak",
"texture_scale": "fine",
"anisotropy": "none",
"metallic_hint": "non-metal"

}I

"environment": {
"indoor_outdoor": "outdoor",
"light_type": "natural",
"light_intensity": "medium",
"key_light_direction": "top",
"shadow_hardness": "soft"

}I

The lighting is soft and diffused,

This is the resulting fags.json file generated by the annotation pipeline, corresponding to the input from Figure 9.

"instance_id": "7db354ab-34a0-4634-b4e3-cf100a4736c9",

"description": "A classical marble sculpture of a robed female figure,
standing on a white marble platform.
finish with fine surface details. It is positioned outdoors in a quarry-like
environment with a body of water and rocky hills in the background.

The statue has a matte, light gray

suggesting an overcast sky."

Figure 10. The structured tags.json output from our annotation pipeline. This includes the strictly copied category, the VLLM-inferred
material and environment properties, and the natural language description.

and lighting, which hinders relighting. This “baked-in” prob-
lem spurred research into disentangling these properties.
Early works like NeRFactor [51], and PhySG [50] factorized
the implicit field but remained computationally expensive
and often limited to low-frequency lighting. To overcome
this, two explicit strategies emerged. First, Munkberg et al.,
[29] jointly optimized an explicit triangular mesh, materials,
and all-frequency lighting using a differentiable rasterizer
and DMTet. Second, the paradigm shifted to 3D Gaussian
Splatting, GS-IR [22] adapted inverse rendering to this effi-
cient representation to decompose physical properties. The
most recent works, such as GI-GS [3], now address the
limitations of initial 3DGS methods by explicitly modeling
global illumination, often using screen-space path tracing to
separate direct and indirect lighting.

N. More Qualitative Examples

We provide additional qualitative examples in this section.
Figure 13 showcases various shapes, while Figure 14 details
objects with different materials. For our 3D-generated in-
stances, Figure 15 shows diverse shapes and materials, and
Figure 16 displays a steel asset under various lighting con-
ditions. Finally, Figure 12 presents more real-world capture
instances.
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Figure 11. Materials of various parameters show different physical phenomenon. The parameters is in format of < m, r,%,t >



Figure 12. More real-world capture instances, including semi-transparent, reflective, and low-texture objects.
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Figure 13. The synthetic objects of various shapes



Figure 14. The object with the same shape but made of different materials under identical lighting condition



Figure 15. Various shapes of generated 3D assets made of different materials
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Figure 16. Generated 3D assets made of Steel material under various lighting condition
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