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1. Implementation Details

We implement GS-IR in PyTorch framework [6] with
CUDA extensions, and customized the baking-based
method for GS-IR.

Representation. In the vanilla GS [3], each 3D Gaussian
utilizes learnable 7 = {p, s,q} and A = {«, f.} to de-
scribe its geometric properties and volumetric appearance
respectively, where p denotes the position vector, s denotes
the scaling vector, q denotes the unit quaternion for rotation,
« denotes the opacity and f. denotes spherical harmonics
(SH) coefficients for view-dependent color. In GS-IR, we
use 1 to present the normal vector of 3D Gaussian and ex-
tend the geometric properties as 7 = {p, s, g, n}. In addi-
tion, we introduce M = {a, p, m} to describe the material
of 3D Gaussian.

Training Details. We use the Adam optimizer [4] for train-
ing, and the training process includes the initial stage (cf.
Sec. 4.1) and decomposition stage (cf. Sec. 4.3). In the
initial stage, we minimize color reconstruction loss L. and
normal loss £,, (cf. Eq. (9)) to optimize 7, A for 30K iter-
ations. In the decomposition stage, we fix 7, .4 and mini-
mize the proposed decomposition loss L4 (¢f. Eq. (16)) to
merely optimize M for 10K iterations. The total optimiza-
tion is running on a single V100 GPU.

Loss Definition. In the initial stage, the supervision loss
Linic consists of the L1 color reconstruction loss £, and our
proposed normal loss £,

['init = L:c + »Cn (1)
En = En-p + )\n-TV Tvnormal
the smoothing term 7'V orma in our proposed normal loss
Ly, is a total variation (TV) loss conditioned by the pre-
dicted normal map N and the given reference image I:
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In the decomposition stage, the supervision loss L4 in-
cludes Linade, Lmaterial Elight:
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the smoothing term T'V 5 in Eq. (3) is a TV loss similar to

TV normar in Eq. (2):

AM =exp (=T ; — Lic14]) (M j — M1 5)* +
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where M is the predicted material map. Unlike the above
two smoothing terms, TV i1 is defined as:
AF =(Bij - Bi15)” + (Biy — BEij1)°,
1 5 (5)
TVigne = — »  AE.
Bl <7 Y
During training, we set A\,,.7v, Anr, Ag t0 5.0,1.0,0.01.
And we study the efficacy of these smoothing terms in
Sec. 5.

2. Occlusion Caching and Recovery

In the baking stage (cf. Sec. 4.2), we introduce SH archi-
tectures and cache occlusion into occlusion volumes V¢!
as illustrated in Fig. la. For each volume vl C Vool
we set six cameras with FoV of 90" and non-overlapping
each other, and perform six render passes to obtain the depth
cubemap {D?}5_,. Then we convert { D}}5_, into the oc-
clusion cubemap {O;) ?):1 and store the principal compo-
nents of occlusion into SH coefficients f2.

In the decomposition stage, we recover the ambient oc-
clusion (AO) for each surface point  from occlusion vol-
umes V°°°!. The first step is to get the coefficients f2 of
the point . Considering that AO of the point « only cal-
culates the occlusion integral of the upper hemisphere €2 of
the normal n, we thus conduct masked-trilinear interpola-
tion to get the correct coefficients. As illustrated in Fig. 1b,
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(a) Occlusion caching from the pretrained 3D Gaussians G in the baking stage.
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(b) Occlusion recovery from occlusion volumes V°°! in the decomposition stage.

Figure 1. Occlusion caching and recovery in GS-IR.

Scene Method Normal ! Novel View Synthesis Albedo Relight
MAE PSNRT SSIM{ LPIPS| | PSNRT SSIMt LPIPS| | PSNRT SSIM{ LPIPS |
NeRFactor 9.767 26.076 0.881 0.151 25.444 0.937 0.112 23.246 0.865 0.156
InvRender 9.980 24.391 0.883 0.151 21.435 0.882 0.160 20.117 0.832 0.171

Lego NVDiffrec 12.486 30.056 0.945 0.059 21.353 0.849 0.166 20.088 0.844 0.114
TensoIR 5.980 34.700 0.968 0.037 25.240 0.900 0.145 28.581 0.944 0.081
Ours 8.078 34.379 0.968 0.036 24.958 0.889 0.143 23.256 0.842 0.117

NeRFactor 5.579 24.498 0.940 0.141 24.654 0.950 0.142 22.713 0.914 0.159

InvRender 3.708 31.832 0.952 0.089 27.028 0.950 0.094 27.630 0.928 0.089

Hotdog NVDiffrec 5.068 34.903 0.972 0.054 26.057 0.920 0.116 19.075 0.885 0.118
TensoIR 4.050 36.820 0.976 0.045 30.370 0.947 0.093 27.927 0.933 0.115

Ours 4.771 34.116 0.972 0.049 26.745 0.941 0.088 21.572 0.888 0.140

NeRFactor 3.467 26.479 0.947 0.095 28.001 0.946 0.096 26.887 0.944 0.102

InvRender 1.723 31.116 0.968 0.057 35.573 0.959 0.076 27.814 0.949 0.069

Armadillo NVDiffrec 2.190 33.664 0.983 0.031 38.844 0.969 0.076 23.099 0.921 0.063
TensoIR 1.950 39.050 0.986 0.039 34.360 0.989 0.059 34.504 0.975 0.045

Ours 2.176 39.287 0.980 0.039 38.572 0.986 0.051 27.737 0.918 0.091

NeRFactor 6.442 21.664 0.919 0.095 22.402 0.928 0.085 20.684 0.907 0.107

InvRender 4.884 22.131 0.934 0.057 25.335 0.942 0.072 20.330 0.895 0.073

Ficus NVDiffrec 4.567 22.131 0.946 0.064 30.443 0.894 0.101 17.260 0.865 0.073
TensoIR 4.420 29.780 0.973 0.041 27.130 0.964 0.044 24.296 0.947 0.068
Ours 4.762 33.551 0.976 0.031 30.867 0.948 0.053 24.932 0.893 0.081

Table 1. Per-scene results on TensoIR Synthetic dataset. For albedo reconstruction results, we follow NeRFactor [8] and scale each RGB
channel by a global scalar.

for the given point & with normal n, we firstly find the eight interpolation, we get the coefficients fo:
nearest volumes {vy, }5_, . In this case, each volume has po-
sition vector pj, and SH coefficients f;. Given the trilinear B — {0, (pr—x) n<0
interpolation weights {wk}izl ! defined in vanilla trilinear wr, (pr—x) - n>0’
L wg
>y ©
8

Faam) = Z Wi Fr(im)-
k=1

I'The weights in trilinear interpolation satisfy 22:1 wg =1
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Figure 2. Visualization of our inverse rendering and relighting results on TensoIR Synthetic dataset.

After performing masked-trilinear interpolation, the oc-
clusion Oy is written as:

deg !
Ox(0,8) = D> FaumYim(0,0). )
=0 m=—1
For indirect illumination I in Eq. (13), we recover it
from the volumes V'™ via vanilla trilinear interpolation.

Method bicycle flowers garden stump treehill | room counter kitchen bonsai
NeRF++ 2264 2031 2432 2434 2220 | 2887 26.38 2780  29.15
Plenoxels 2191 20.10 2349 20.66 2225 | 27.59 23.62 2342 2467
INGP-Base 2219 2035 2460 23.63 2236 |29.27 2644 2855 3034
INGP-Big 22.17 2065 2507 2347 2237 | 29.69 26.69 29.48  30.69
Mip-NeRF 360 | 24.40  21.64 2694 2636 2281 |29.69 2669 2948  30.69
3DGS 2525 2152 2741 2655 2249 | 30.63 2870 3032 3198
Ours 2380 2057 2572 2537 2179 | 28.79 2622 27.99  28.18

Table 2. PSNR scores for Mip-NeRF360 scenes.

Method bicycle flowers garden stump treehill | room counter kitchen bonsai
NeRF++ 0.526 0.453 0.635 0.594  0.530 | 0.530  0.802 0816  0.876
Plenoxels 0.496 0.431 0.606 0523  0.509 | 0.842  0.759 0.648 0.814
INGP-Base 0491 0450 0649 0574 0518 | 0.855 0.798  0.818  0.890
INGP-Big 0512 048 0701 0594 0542 | 0.871 0817 0858  0.906
Mip-NeRF 360 | 0.693 0.583 0.816 0.746  0.632 | 0913  0.895 0920  0.939
3DGS 0.771 0.605 0.868 0.775 0.638 | 0.914  0.905 0922 0.938
Ours 0706  0.543  0.804 0716 0.586 | 0.867 0.839  0.867  0.883

Table 3. SSIM scores for Mip-NeRF360 scenes.
3. Results on TensoIR Synthetic Dataset

Tab. 1 provides the results on normal estimation, novel view
synthesis, albedo reconstruction, and relighting for all four

Method bicycle flowers garden stump treehill | room counter kitchen bonsai
NeRF++ 0455 0466 0331 0416 0466 | 0.335 0.351 0.260  0.291
Plenoxels 0.506  0.521 0386 0.503  0.540 | 0419  0.441 0.447  0.398
INGP-Base 0487 0481 0312 0450 0489 | 0301 0342 0254 0227
INGP-Big 0.446  0.441 0257 0421 0450 | 0.261 0306  0.195  0.205
Mip-NeRF 360 | 0.289  0.345  0.164 0254 0.338 | 0211  0.203 0.126  0.177
3DGS 0.205 0336 0.103 0210 0317 | 0220 0204  0.129  0.205
Ours 0259 0371  0.158 0258 0372 | 0279 0260  0.188  0.264

Table 4. LPIPS scores for Mip-NeRF360 scenes.

scenes. We also visualize the inverse rendering and relight-
ing results of GS-IR in Fig. 2.

4. Results on Mip-NeRF 360

For Mip-NeRF 360 [1], a dataset captured from the real
world, we list the results on novel view synthesis (i.e.
PSNR, SSIM, and LPIPS) of GS-IR and some NeRF vari-
ants [2, 5, 7] in Tabs. 2 to 4. In addition, we provide the
normal estimation, novel view synthesis, and relighting re-
sults of all seven publicly available scenes in Fig. 3.

5. Ablation on Loss

The loss in GS-IR consists of contrast terms and smooth-
ing terms. For contrast terms, we set the weights of color
reconstruction loss L., normal penalty loss £,,.,, and shade
loss Lgpade to 1, which is intuitive. And the smoothing terms
include TV normat, T'V mat» and T'Vyigne, we evaluate their ef-
ficacy by adjusting their weights (i.e. \,,.7v, Ag, and Apg),
and the ablation results are shown in Tab. 5.



Rendering

Relighting 1

Relighting 2

Relighting 4

Bicycle

Garden

Normal

Bonsai

Figure 3. Visualization of our inverse rendering and relighting results on the Mip-NeRF 360 dataset.

Normal Novel View Synthesis Albedo
Acrv Ag Am | MAE| | PSNRT  SSIM1  LPIPS| | PSNRT SSIMT LPIPS |
5.030 | 35.170  0.970 0.042 30.083  0.938 0.090
v 4.948 | 35330 0974 0.039 30.216  0.940 0.088
v v 4.948 35.230 0.972 0.040 30.236 0.940 0.087
v v 4.948 35.314 0.973 0.038 30.275 0.941 0.085
v v v 4948 | 35333 0974 0.039 30.286  0.941 0.084

Table 5. Analysis of the impact of different loss terms on the
TensolR dataset. v’indicates setting the smoothing term to be
valid.
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