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1 Implementation Details

We provide a detailed setting of our method. The loss function consists of
weighted sum of free space loss Ly, middle of the truncation region loss L.y,
tail of the truncation region loss L7, depth loss £; and color loss L, such as:

L= )\fsﬁfs + )\T-m['T—m + )\T-t['T—t + >\d['d + )\c»cc (1)

where {Ars, Arom, Ar-t, Ad, Ac} are the weighting coefficients. We set A g = 5, Ap_p,
= 200, A\ = 10, ¢y = 0.1, A\, = 10 in mapping process. During tracking pro-
cess, we set Aps = 10, A, = 200, A7 = 50, g = 1, A, = 5. For the scenes
from Replica [4], we perform 15 optimization iterations for mapping. For cam-
era tracking, 8 optimization iterations are performed. We perform 30 iterations
for mapping and 16 iterations for tracking in ScanNet [1], TUM RGB-D [5].
We initiate the learning rate of 0.001 for the camera poses, i.e. rotation and
translation {R,t}, in the first 8 iterations, and set 0.0005 in the remaining 8
iterations during tracking in ScanNet [1] and TUM RGB-D [5]. We use a learn-
ing rate of 0.001 for the MLP decoders and a learning rate of 0.005 for the axis
features. All learnable parameters are optimized by Adam [2]. The number of
randomly selected rays is 4000 in mapping and 2000 in tracking for Replica [4]
and ScanNet [1] scenes. For TUM RGB-D [5], we choose random 5000 rays for
each iteration.

2 Effect of Representation Methods

To verify our presentation capabilities, we perform scene representation using
tri-plane, CP decomposition, and our SA decomposition as the tensorial radius
field. In our experiments, we use two-layer MLP for geometric decoders MLP,
and appearance decoders MLP,. MLP, and MLP, have 16 and 128 hidden layer
channels, respectively. For rendering view-dependent color, we employ positional
encoding 7y to appearance feature f, and view direction v4. Geometric feature f,
and appearance feature f, each have 16 and 48 feature channels. So factorized
tensorial radiance field can be expressed as

0 =MLP¢(f4(P)), ¢ = MLP4([Bfa(P); va; ¥ (Bfa(P)); v(va)]) (2)
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where B is learnable dimensional reduction matrix. We use the Adam optimizer
with initial learning rates of 0.02 for grid tensors and 0.001 for the other pa-
rameters. [2] We set the batch size as 4096 pixel rays and optimize T steps. The
grid size is upsampled at steps 2000, 3000, 4000, 5500, 7000 with the numbers
of the voxels interpolated between 1283 and 3003 linearly in logarithmic space.
We apply a L2 rendering loss and additional regularization L1 loss for geometric
grid features. So our total loss is expressed by

L=C~Cl3+w Lreg 3)

We use w = 8-107% and set k, and k, to 4 in CP decomposition and SA
decomposition. OQur experiments results is shown by Table 1 and Fig. 1.

Table 1: Quantitative Results on Synthetic dataset. PSNRs and the number of
parameters of Tri-plane representation, SA decomposition and CP decomposition with
different training steps for a Lego in the Synthetic-NeRF [3] dataset. Each model applies
the same representation method for geometric and appearance. # of parameters is the
sum of a number of geometry feature parameters and appearance feature parameters.

Method ‘#of Param.‘ 10k 20k 30k 40k 50k

Tri-plane 17.28M 31.86 33.58 34.43 34.85 35.12
SA 0.15M 29.52 31.35 32.12 32.68 33.13
CP 0.08M 29.04 30.30 30.96 31.34 31.61
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Fig. 1: Qualitative Results on Synthetic dataset. Rendering results of our SA
decomposition model and comparison methods (Tri-plane representation, CP decom-
position) on a Lego scene with ground truth. Despite using ten times more compact
representation, SA decomposition model provides comparable rendering performance.
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Table 2: Localization Results on ScanNet [1] for each representation. We
conducted experiments five times and report the average and standard deviation. Our
fusion method achieves higher localization accuracy and lower variance in most scenes
than other methods.

Method ATE Sc. 0000 Sc. 0059 Sc. 0106 Sc. 0169 Sc. 0181  Sc. 0207 Avg.

Geometric: CP Mean] 5.14+0.2 63+0.2 66+04 54+02 81+04 53+£0.1 61+04
Appearance: CP RMSE| 5.7+ 0.3 89+ 04 73+06 63+03 91£06 57£0.1 7.2+£04

Geometric: SA° Mean] 5.2+ 0.5 6.3+03 68+00 59+04 81+04 54+0.2 6.3+0.3
Appearance: SA RMSE] 58 £ 0.5 87+ 0.3 7.6 £0.0 6.6 £04 89 £06 58+ 02 7.2+0.3

Geometric: SA° Mean] 53 +0.3 6.4+0.6 68+0.1 54+02 85£02 53=£0.1 6.3=£0.2
Appearance: CP RMSE| 6.0+ 0.3 89+08 7.5+00 60+0.2 93+0.2 58+0.1 7.3+£0.3

Geometric: CP Mean| 5.2 +0.2 6.1 +0.1 6.7+0.1 56 +0.1 7.6+0.1 52401 6.1£0.1
Appearance: SA RMSE| 58 +£0.4 82+0.1 7.6+ 0.1 6.5+0.1 84+0.1 56+01 7.0=£0.2
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Fig. 2: Qualitative Results on ScanNet [1] for Each Representataion. Scene
rendering results of our model with different combinations of scene geometry and ap-
pearance representations. Our fusion method produces more accurate detailed geom-
etry as well as higher-quality textures is the compact representation with the least
information loss compared to others.

3 Further Results

In this section, we provide additional quantitative and qualitative analysis of our
model with different combinations of scene geometry and appearance represen-
tation. we evaluate localization accuracy on six scenes from ScanNet [1] dataset
in Table 2 and Fig. 2 shows qualitative results of reconstruction accuracy.
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