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A. Additional Ablation Results

Lidar Encoding. Here, we discuss additional experiments
to study the advantage of our Lidar encoding based on the
3D sparse convolutional network. Firstly, in view of the
increased representation capacity brought by Lidar encod-
ing, we evaluate the impact of naively increasing the hash
grid feature size without using any Lidar encoding, specif-
ically doubling it from two to four features per level, de-
noted as “Double Hash” in Table S2. This modification
yields improved results in interpolation settings but exhibits
a marginal performance decline in lane shift scenarios, in-
dicative of potential overfitting.

Furthermore, instead of 3D convolutional network, we
explore LiDAR encoding utilizing MLPs (as applied in [2])
and PointNet++[7]. For the former, the MLP contains three
hidden layers with feature size (64, 96, 128), and a fi-
nal layer outputting a 64-dim feature vector. For Point-
Net++, the hidden feature dimensions mirror those used in
our sparse UNet-based method, and its point encoder sam-
ples 4096, 1024, 256, and 56 points at different levels. To
enhance the efficiency of its farthest point sampling and
neighbor point grouping, we utilize CUDA-based imple-
mentations from PyTorch3D [8]. The results, as outlined
in Table S2, indicate that Lidar encoding with MLP and
PointNet++ underperforms our encoding with sparse UNet.
This indicates the benefits brought about by learning from
a more global context with the 3D convolutional network,
which has proven a powerful backbone widely applied in
state-of-the-art 3D perception frameworks [5, 11].

Lastly, the memory and time overhead incurred by our
LiDAR encoding module is modest. Specifically, compared
to Nerfacto with robust depth supervision, our LiDAR en-
coding introduces an additional memory usage of 1846MB
and an incremental time cost of 0.1s per training iteration.
Notably, during inference, this overhead is further reduced
as LiDAR encoding is required only once per scene, rather
than per batch.

Robust Depth Supervision. In Fig. S1, we present visual

comparisons of different depth supervision settings under
the lane shift scenario. With sparse or noisy depth super-
vision, Nerfacto w/ £} and Nerfacto w/ £} fail to model
thin structures such as light poles. In contrast, our proposed
scheme is robust to occlusions and able to learn delicate
structures with noisy depth maps.

Augmented View Supervision. Here, we provide more
analyses on the impact of augmented view supervision. As
shown in Fig. S2(a), we observe good performance with
around 80-320 synthetic views, beyond which performance
drops as it may dominate real training views. We randomly
perturb the original views with Gaussian noise, and observe
good performance with the standard deviation ¢ around 1.0-
1.5 meters, as shown in Fig. S2(b). We did not observe
noticeable benefits from adding new orientations, likely as
vehicles are mostly in forward motion.

CDF and Mid-point Approximation. As mentioned in
the main paper, Tab. S4 provides a quantitative comparison
of two implementations of LiDAR depth loss using single-
frame LiDAR points. We observe improved performance
from our exact implementation based on CDF, in compar-
ison to the mid-point approximation. Despite the marginal
gap, they are consistently observed across all tested se-
quences in the Pandaset, particularly in the interpolation
setting.

B. Quantitative Results by Range

We perform more detailed evaluations by separating pix-
els into different depth ranges. In Tab. S1, we evaluate un-
der two strategies for range separation — 1) group the pixels
with matching Lidar points into different distance ranges; 2)
group pixels into foreground, sky, and their boundary region
that is prone to artifacts due to discontinuity. The quan-
titative results indicate superior performance from our ap-
proach regardless of the range, compared to UniSim. That
said, our proposed components are compatible to UniSim
and may be combined in future work.
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Figure S1. Qualitative comparison between different LiDAR depth supervisions on shift lane setting. Our proposed method achieve

significantly better rendering quality on the delicate structures.

Methods Range by Distance Range by Semantics
Near (< 10m) Middle (10-60m) Far (>60m) Foreground Boundary Sky
UniSim 25.44|25.92 25.55]26.07 2241|2199 25.44]26.32 22.07|22.23 34.81|36.61
Ours 26.68|27.62 27.64/28.36 23.73|123.52  26.71/28.17 23.64|23.93  39.06|41.17

Table S1. PSNR (mean|median) evaluation separated by range.
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Figure S2. Analysis on the impact of augmented synthetic views.

Methods Interpolation Lane Shift
PSNRT SSIMt LPIPS| FID| @ 2m FID] @ 3.7m
Original Hash ~ 27.090  0.804 0.247 110.0 131.7
_DoubleHash = 27.153 0808 0234 1093 1321
MLP 27.119  0.805 0.246 108.0 131.6
PointNet++ 27.076  0.804 0.247 108.7 131.2
Ours 27.219  0.810 0.228 105.6 128.7

Table S2. Quantitative comparisons on Lidar encoding designs
— Our proposed sparse convolution based Lidar encoding is better
than simply doubling hash grid feature sizes and encoding Lidar
feature with MLP or PointNet++ [7]. “Origina Hash” indicates
Nerfacto using our robust depth supervision. “Double Hash” dou-
bles hash feature size.

C. Experiments on Argoverse

As mentioned in the main paper, in this section we pro-
vide more comprehensive evaluation on the Argoverse [10]
dataset in order to compare with the closely related work
of Chang et al. [2]. We train our model on the 8 sequences
selected by [2], with their split of training and validation
set. We use their open-source code along with the released
models to reproduce the rendering results of [2].

We report the quantitative comparison in Tab. S3. It is
evident that our method consistently outperforms [2] with a
significant margin across all 8 sequences. In addition, we
show more qualitative examples in Fig. S3. As can be seen,
our rendering is not only complete (without blank pixels)

but also with far higher resolution than the results from [2].

D. Additional Implementation Details
D.1. Data Processing

Mask Dynamic Object. We mask dynamic objects from
images given annotated 2D bounding boxes.  Specifi-
cally, a Mask-RCNN model takes as input the bounding
boxes of dynamic objects, and outputs the corresponding
masks. Pixel points within the dynamic object masks are
not sampled during training and not counted when com-
puting PNSR, SSIM and LPIPS. We also remove all Li-
dar points within the dynamic 3D bounding boxes. The
remaining Lidar points are used to generate depth maps
and augmented data. In PandaSet, the dynamic objects are
in eight categories: ’Car’, *Pickup Truck’, "Medium-sized
Truck’, ’Semi-truck’, ’Other Vehicle - Construction Vehi-
cle’, ’Other Vehicle - Uncommon’, ’Other Vehicle - Pedi-
cab’, ’Emergency Vehicle’ and "Bus’.

Lidar Depth Generation. In PandaSet, each Lidar frame is
paired with a synchronized RGB frame. Lidar depth maps
are generated from the accumulated training Lidar frames.
Specifically, for a given image frame, LiDAR points from
ten closest LiDAR frames are transformed into world coor-
dinates and then projected onto the image coordinates. The
depth value represents the distance along the ray from the
camera’s center to a LiDAR point. When multiple LiDAR
points are projected onto the same pixel in the image, the
depth value is derived from the nearest LiDAR point.

Scene Normalization. Scene normalization is required to
apply the scene contraction strategy [1] for handling un-
bounded scene. We do so based on the radius of camera
trajectory. Specifically, we model the scene of interest with
a sphere, whose diameter is the maximum distance between



Methods Seq. 4d7b Seq. 2b04 Seq. 4690 Seq. 0al3
PSNR{  SSIMtT LPIPS| PSNRT SSIMt LPIPS| PSNRT SSIMt LPIPS| PSNRtT SSIM{  LPIPS|
Changetal. [2] 24.319 0.652 0.127 22.257 0.598 0.123 26.049 0.728 0.181 20.318 0.615 0.161
Ours 30.186 0.855 0.066 29.540 0.906 0.049 31.892 0.886 0.077 26.520 0.855 0.110
Methods Seq. 2aea Seq. 42c8 Seq. 4d32 Seq. 3e7c
PSNRf1  SSIMtT LPIPS| PSNRf SSIMt LPIPS| PSNRT SSIMt LPIPS| PSNRtT SSIM{  LPIPS|
Changetal. [2]  24.901 0.706 0.098 22.990 0.708 0.161 25.186 0.706 0.143 26.440 0.720 0.143
Ours 31.996 0.885 0.071 29.650 0.881 0.121 30.748 0.853 0.116 33.876 0.912 0.084

Table S3. Quantitative comparisons on Argoverse with Chang et al. [2]. We report PSNR, SSIM, and LPIPS on eight different

sequences.
Methods Interpolation Lane Shift
PSNRt SSIMt LPIPS| FID| @2m FID| @ 3.7m
Mid-Point  26.945 0.795 0.270 112.7 139.0
CDF 27.017 0.800 0.264 111.2 138.2

Table S4. Quantitative comparisons on depth loss implementa-
tion.

any two camera positions in the training log, plus 50 meters.
D.2. Network Architectures

Our network architecture can be decomposed into four main
parts: proposal sampler, Lidar encoding, density network
and color network.

Proposal sampler is composed of two consecutive neu-
ral density fields, each represented by “fused” MLPs [6].
These MLPs employ hash encoding to process 3D posi-
tions, followed by density prediction using an MLP. Both
fused MLPs share common parameters: a minimum hash
grid resolution of 16, five levels of hash encoding, 2-dim
features for each hash encoding level, two MLP layers, and
16 hidden features in the MLP layers. The primary distinc-
tion between these two fused MLPs lies in their maximum
hash grid resolution, with the first set at 512 and the second
at 1024.

Lidar encoding takes as input all Lidar points and out-
puts high dimensional features for each Lidar point, which
are then queried by sampled positions. To get started,
the LiDAR points undergo voxelization within a grid of
512 x 512 x 512 cells, with the cell features represented
by the mean 3D positions of the LiDAR points they con-
tain. Owing to the inherent sparsity, most cells remain
empty, signifying an absence of LiDAR points and hence
carrying negligible information. Subsequently, a 3D sparse
UNet [3], adhering to the encoder-decoder architecture sim-
ilar to its 3D dense counterpart, is employed for encoding
LiDAR geometry. This architecture integrates skip connec-
tions and multi-level feature fusion. Sparse convolution, a
key component of this process, adapts the conventional con-
volution operation by applying filters exclusively to active
(non-zero) input elements, thereby substantially enhancing

computational efficiency and reducing memory demands.
Within this architecture, the encoder’s feature dimensions
are set at 32, 64, 96, and 128, while the decoder’s feature
dimensions are 128, 96, 64, and 64. The Lidar features are
the output of the final layer of this sparse UNet. Our imple-
mentation relies on the torchsparse [9] package.

Density network computes hash encoding, then fuses it
with the Lidar encoding, and pass them to an MLP. Specif-
ically, it is characterized by a hash grid with multiple res-
olutions ranging from a minimum of 16 to a maximum of
4096, and includes 16 levels of hash encoding, with each
level comprising 2-dim features. The hash features queried
from the hash grid are concatenated with the Lidar encoding
and then passed to an MLP. The MLP component consists
of two layers, each with 64-dim hidden features. In addi-
tion to predicting density values, the network also generates
a 15-dimensional density embedding for each sampled po-
sition, which is subsequently fed into the color network.

Color network takes as input the density embedding and
the ray direction encoded via spherical harmonics. It em-
ploys a two-layer MLP with 64-dim hidden features to pre-
dict an RGB value for each sampled position.

D.3. Learning Hyper-parameters

Our loss weights are set to Ay = 0.0005, Ay = 1, A3 =
0.005 and A4, = 1. We set all € values in the unnormalized
scale (e? = 10m, ¢ = 100m, eg = 1m, ¢, = 0.15m,
€n, = 0.15m, €, = 1.5m). The scheduling rate a; and «,, is
set to be 1.00004 and 0.99995, respectively.

All modules in our network are optimized end-to-end for
100000 iterations, with RAdam [4] algorithm. We utilize a
per-iteration decay in the learning rate for each parameter.
The learning rate is initially set at 0.01 and gradually re-
duced to 0.0001, with the learning rate scheduler having a
maximum limit of 50,000 iterations. The number of sam-
pled points per iteration is 4096.
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Figure S3. Qualitative comparison on the Argoverse dataset. Our results are complete and of significantly higher resolution in compar-
ison to those from Chang et al. [2].
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