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Supplementary Material

In this supplementary material, we first demonstrate the
complementary nature of PDM and SDM, highlighting the
importance of considering both accuracy and diversity in
inverse rendering (Appendix A). Second, we provide the
implementation details (Appendix B). Next, we present the
application results (Appendix C), and finally, we provide
additional experimental results (Appendix D).

A. Validation of the Complementarity

As shown in Figs. 7, 8, 9, and 10, our PDM exhibits high
variance in ambiguous regions, making it a useful measure
for assessing uncertainty in inverse rendering. We leveraged
this characteristic to validate the complementarity between
PDM and SDM. In Fig. 1, we measured the variance and
error of PDM across datasets and conducted linear regres-
sion to analyze the correlation between error and variance.
Each graph includes the Pearson correlation coefficient in
the lower right corner. As expected, a higher variance led
to a higher error (lower accuracy) across all datasets. This
is confirmed by the positive Pearson coefficients, indicat-
ing that PDM presents diverse solutions for ambiguous re-
gions. Furthermore, SDM (blue line) excels in low-variance
images, while PDM (red line) outperforms in ambiguous,
high-variance images. This fact demonstrates the comple-
mentary nature of PDM and SDM, emphasizing the impor-
tance of incorporating both accuracy and diversity in inverse
rendering. For the roughness map of OpenRooms FF, due to
the inherent uncertainty of the modality, PDM consistently
outperformed SDM.

For a more thorough validation, in Tab. 1, we measured
the average variance of N, D, A, and R for each dataset.
OpenRooms FF, where SDM outperforms (see Tab. 3 (main
paper)), exhibits low variance, indicating that it contains a
large number of straightforward images. In contrast, the
high variance of MAW and DIODE reflects ambiguity in
complex real-world images. As shown in Tabs. 5 and 6
(main paper), PDM proves to be a useful choice for han-
dling such ambiguous images.

Dataset OpenRooms FF [1] MAW [11] Diode [9]
variance 0.039 0.179 0.184

Table 1. PDM sample variance (×10−2) for each dataset.

B. Implementation Details

All experiments were performed on eight A5000 GPUs and
AdamW [7] optimizer was used for all models. Next, we

Figure 1. Correlation of variance(x-axis) and error(y-axis).
The error of PDM was calculated from the mean predictions. The
blue line represents SDM, while the red line represents PDM.

provide the implementation details for each model. Each
model was trained separately and subsequently frozen.

B.1. Implicit Lighting Representation
The input per-pixel environment map E is flattened on a
pixel basis, followed by the application of log1p. The en-
coder consists of 7 layers, each with 64 hidden units, fol-
lowed by a 1D BatchNorm. The feature vector f is con-
strained to the range [−1, 1] by a tanh activation and has a
dimensionality of 96. The decoders DecoderE , DecoderS ,
and DecoderI are each composed of 3, 3, and 6 layers
with 128 hidden units, respectively, without any normal-
ization layers. Furthermore, to improve the robustness of
DecoderS , random roughness values were generated and
used during training. The loss function consists of a log-
space L2 loss for E, S, IS , IS (random), and a standard L2

loss for I. The model was trained with a batch size of 256
for 30 epochs, which took approximately one day to com-
plete. These encoders and decoders are jointly trained and
are subsequently frozen.

B.2. Diffusion-based Inverse Rendering
The DM was based on the UNet2DConditionModel
from Diffusers [10], which consists of 586M parameters.
We applied classifier-free guidance [3] with a 0.05 probabil-
ity and rescaled the noise schedule following Lin et al. [6].
The training was carried out with a batch size of 512 for
150 epochs, which took approximately 2 days to complete.
After training, PDM used 10 DDIM [8] inference steps.

B.3. RGB-Guided Super Resolution
The SRM’s encoder includes an encoder identical to the
DenseNet [4] structure used for I, which produces dense



feature maps. In addition, a separate encoder for z0 is pro-
vided. This encoder consists of a single DenseBlock, a com-
ponent of DenseNet, and its output is later combined with
the dense feature maps as input to the modality-specific de-
coders. Each decoder also receives the corresponding low-
resolution modality as input. The decoders follow the same
structure as the existing baselines [5]. The SRM was trained
with a batch size of 128 for 50 epochs, taking approximately
2 days to complete. The loss function consists of an L2 loss
for N, a scale-invariant log-space L2 loss for D, a scale-
invariant L2 loss for A, an L2 loss for R, and an L1 loss for
f .
Performance Analysis of SRM. For PDM, there was a
tendency for slight residual noise to remain even after train-
ing. We analyzed whether SRM effectively removes this
noise while preserving the identity of the samples gener-
ated by PDM. Fig. 2 presents the results of this analysis.
Both the top and bottom low-resolution samples in Fig. 2
contain slight residual noise. However, in both cases, SRM
successfully removes this noise and performs upsampling
while maintaining the identity of each modality.

𝐍 𝐑𝐃 𝐀
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Figure 2. Performance Analysis of SRM. LR refers to the low-
resolution sample, while HR denotes the high-resolution sample
processed by SRM.

C. Applications
C.1. Material Editing
Inverse rendering, which decomposes an image into geome-
try, material, and lighting, enables applications such as ma-
terial editing. In particular, ILR-based neural rendering al-
lows for realistic rendering without the need for an exter-
nal renderer. Fig. 3 demonstrates this capability. In each
image, we modified the albedo to green, light purple, and
pink, respectively, and for the third image, we reduced the
roughness to introduce additional specularity. In all results,

the spatially-varying lighting of the input image is faithfully
reproduced, and the materials are realistically modified.

Input Image Material Editing

Figure 3. Material editing results.

C.2. Object Insertion
Figs. 4, 5, and 6 present the object insertion results for all
20 images from the spatially-varying lighting dataset [2]. In
the user study, participants were asked to evaluate four ob-
ject insertion images and respond to the question: ”Of the
four images, please select the one that shows white rabbits
blending naturally into the surrounding light.” The numbers
in the top-left corner of each image indicate the selection
rate from the user study, which was conducted with 194
participants. In most cases, our method was preferred by
more users compared to baselines. Interestingly, for some
images, our results were even preferred over the ground
truth. We attribute this to potential discrepancies between
the lighting visible in the limited field-of-view RGB image
and the actual lighting in the real scene.

D. Additional Experimental Results
We have included additional experimental results for each
dataset.

D.1. Synthetic Scenes
Fig. 7 presents additional experimental results in the syn-
thetic dataset. In the upper sample, strong shadows are cast
on the floor, which the baselines fail to remove. In contrast,
our SDM and PDM successfully eliminate these shadows.



Similarly, for the table in the lower sample, which exhibits
strong specular radiance, our method accurately extracts the
diffuse albedo.

D.2. Real-World Scenes

Fig. 8 shows the inverse rendering results on images from
the real-world spatially-varying lighting dataset. In the first
sample, Li et al. [5] overestimated the albedo of the chair
and wall, making them appear too bright, while Zhu et
al. [12] introduced blotchy artifacts. In contrast, our method
accurately predicted the dark regions of the wallpaper and
the black albedo of the chair. In the second sample, our
method cleanly predicted the albedo of the white mat on the
floor. Li et al. [5] incorrectly predicted it as black and Zhu
et al. [12]displayed artifacts in the albedo of the white wall.
In the third sample, Li et al. [5] failed to predict the ge-
ometry of the floor and Zhu et al. [12]introduced artifacts,
while our method consistently predicted both the geometry
and albedo. For the fourth sample with strong directional
lighting on the white desk, our method predicted a spatially
consistent albedo, whereas the baselines exhibited artifacts.

D.3. Intrinsic Decomposition

Fig. 9 includes additional experimental results on intrinsic
decomposition. For the brown carpet in the bottom-right
corner of the first sample, unlike the baselines, which pre-
dicted an overly bright albedo, our method accurately pre-
dicted it. In the second sample, the baselines failed to re-
move the specular radiance from the brown table, whereas
our method effectively removed it. In the third sample, Li et
al. [5] did not remove the specular radiance from the central
table and Zhu et al. [12]showed artifacts in the albedo of the
black sofa. In the fourth sample, the baselines struggled to
remove shadows from the wall, while our method predicted
a spatially consistent albedo.

D.4. Geometry Prediction

Fig. 10 presents additional experimental results on geome-
try prediction. For the cabinet in the first sample, unlike the
baselines, which exhibited significant artifacts, our method
predicted the geometry relatively accurately. In the sec-
ond sample, the baselines struggled to understand the con-
text and produced inconsistent geometry predictions. In the
third sample, our method demonstrated the fewest artifacts.
In the fourth sample, while the baselines displayed numer-
ous artifacts in the normal map predictions for the wall, our
method provided comparatively accurate results.

D.5. Sample Diversity

Figs. 11 and 12 present experiments that evaluate how effec-
tively PDM can provide a diverse set of possible solutions
for inverse rendering. Through the diverse samples gener-

ated, we also confirmed that PDM accounts for the depen-
dencies between multiple modalities.
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Figure 4. Additional object inversion results on spatially-varying lighting dataset. [2].
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Figure 5. Additional object inversion results on spatially-varying lighting dataset. [2].
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Figure 6. Additional object inversion results on spatially-varying lighting dataset. [2].
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Figure 7. Additional inverse rendering results on OpenRooms FF dataset [1].
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Figure 8. Additional inverse rendering results on spatially-varying lighting dataset. [2].
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Figure 9. Additional intrinsic decomposition results on MAW dataset [11].
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Figure 10. Additional geometry prediction results on DIODE dataset [9].
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Figure 11. Additional experiments on the diversity of samples generated by PDM.
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Figure 12. Additional experiments on the diversity of samples generated by PDM.
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