Supplementary Material for Voxel Proposal
Network via Multi-Frame Knowledge Distillation for
Semantic Scene Completion

This supplemental material presents: (1) more visualization results of competitive methods (i.e.,
LMSCNet [1]], SSA-SC [2]]) on SemanticKITTI [3] dataset; (2) code segments of CVP.

A Visualization Comparsion

We present more visualization results in Figure[T}
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Figure 1: Completion results of different methods on SemanticKITTI validation set.
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B Core code

‘We show some of the core code about CVP below.

import torch

import torch.nn as nn

import spconv.pytorch as spconv

from spconv.pytorch import functional as Fsp
import torch_scatter

from torch.nn.utils.rnn import pad_sequence
import spconv.pytorch as spconv

def conv3x3(in_planes, out_planes, stride=1, indice_key=None):

return spconv.SubMConv3d(in_planes, out_planes, kernel_size

=3, stride=stride, padding=1, bias=False, indice_key=

indice_key)

def convix3(in_planes, out_planes, stride=1, indice_key=None):

return spconv.SubMConv3d(in_planes, out_planes, kernel_size

=(1, 3, 3), stride=stride, padding=(0, 1, 1), bias=

False, indice_key=indice_key)

def convlix1x3(in_planes, out_planes, stride=1, indice_key=None)

return spconv.SubMConv3d(in_planes, out_planes, kernel_size

=(1, 1, 3), stride=stride, padding=(0, 0, 1), bias=

False, indice_key=indice_key)

def conv1x3x1l(in_planes, out_planes, stride=1, indice_key=None)

return spconv.SubMConv3d(in_planes, out_planes, kernel_size

=(1, 3, 1), stride=stride, padding=(0, 1, 0), bias=

False, indice_key=indice_key)

def conv3xlxl(in_planes, out_planes, stride=1, indice_key=None)

return spconv.SubMConv3d(in_planes, out_planes, kernel_size

=(3, 1, 1), stride=stride, padding=(1, 0, 0), bias=

False, indice_key=indice_key)

def conv3x1(in_p1anes, out_planes, stride=1, indice_key=None):

return spconv.SubMConv3d(in_planes, out_planes, kernel_size

=(3, 1, 3), stride=stride, padding=(1, 0, 1), bias=

False, indice_key=indice_key)

def convlixl(in_planes, out_planes, stride=1, indice_key=None):

return spconv.SubMConv3d(in_planes, out_planes, kernel_size

=1, stride=stride, padding=1, bias=False, indice_key=

indice_key)

def extract_nonzero_features(x):

nonzero_index = torch.sum(torch.abs(x), dim=1) .nonzero ()

coords = nonzero_index.type(torch.int32)

channels = int(x.shape[1])

features = x.permute(0, 2, 3, 4, 1).reshape(-1, channels)

features = features[torch.sum(torch.abs(features), dim=1).
nonzero (), :]

features = features.squeeze (1)

coords= torch.unique(coords, return_inverse=False,
return_counts=False, dim=0)



return coords, features

class DDCM(nn.Module):

def

def

__init__(self, in_filters, out_filters, kernel_size=(3,

3, 3), stride=1, indice_key=None):

super (DDCM, self).__init__()

self.indice_key = indice_key

self.convl = conv3xlx1(in_filters, out_filters,
indice_key=indice_key + "bef")

self .bn0 = nn.BatchNormid(out_filters)

self.actl = nn.Sigmoid ()

self.convl_2 = convix3x1l(in_filters, out_filters,
indice_key=indice_key + "bef")

self .bn0_2 = nn.BatchNormid (out_filters)

self.actl_2 = nn.Sigmoid ()

self.convl_3 = convix1x3(in_filters, out_filters,
indice_key=indice_key + "bef")

self .bn0_3 = nn.BatchNormid (out_filters)

self.act1_3 = nn.Sigmoid ()

forward (self, x):

shortcut = self.convl(x)

shortcut = shortcut.replace_feature(self.bnO(shortcut.
features))

shortcut = shortcut.replace_feature(self.actl(shortcut.

features))

Xx.indice_dict[self.indice_key + "bef"] = shortcut.
indice_dict[self.indice_key + "bef"]

Xx.indice_dict[self.indice_key + "bef"].ksize = [1,3,1]

shortcut2 = self.convl_2(x)

shortcut2 = shortcut2.replace_feature(self.bn0_2(
shortcut2.features))

shortcut2 = shortcut2.replace_feature(self.actl1_2(
shortcut2.features))

Xx.indice_dict[self.indice_key + "bef"] = shortcut.
indice_dict[self.indice_key + "bef"]

Xx.indice_dict[self.indice_key + "bef"].ksize = [1,1,3]

shortcut3 = self.convl_3(x)

shortcut3 = shortcut3.replace_feature(self.bn0_3(
shortcut3.features))

shortcut3 = shortcut3.replace_feature(self.actl1_3(
shortcut3.features))

shortcut = shortcut3.replace_feature(shortcut.features
+ shortcut2.features + shortcut3.features)

shortcut = shortcut.replace_feature(shortcut.features *
x.features + x.features)
return shortcut

class ConfidentVoxelProposal (nn.Module):

def

init__(self, in_planes, spatial_shape, noise_channels

=4):

super (ConfidentVoxelProposal, self).__init__Q)
self.in_planes = in_planes

self .spatial_shape = spatial_shape



def

self .noise_channels = noise_channels

HH## add channel 4 for Tandom noise

self .mlp_O= nn.Sequential (nn.Convid(in_planes + 3 +
noise_channels, in_planes * 2 , kernel_size=1,
stride=1, bias=False), nn.BatchNormld(in_planes *
2), nn.ReLU())

self .mlp_1 = nn.Sequential (nn.Convlid(in_planes * 2,
in_planes, kernel_size=1, stride=1, bias=False), nn
.BatchNormld(in_planes), nn.RelLU())

self .mlp_2 = nn.Sequential (nn.Convlid(in_planes, 3,
kernel_size=1, stride=1, bias=True), nn.Tanh())

self .ReconNet = DDCM(in_planes, in_planes, indice_key="
recon")
self.fusion = WeightedFusion(in_planes)

forward(self, dense_voxels, batch_size):
## Step 0 : calculate offset
#### position embedding

coords, features = extract_nonzero_features/(
dense_voxels)

origin_sparse_voxel = spconv.SparseConvTensor (features,
coords, self.spatial_shape, batch_size)

#### pad

counts = torch.unique(coords[:,0], return_counts=True)
[-1]

batch = torch.arange(batch_size).unsqueeze_(0) .repeat(
torch.max (counts) ,1) .reshape(-1,1) .to(dense_voxels.
device)

features = torch.cat((coords([:,1:], features), dim=1)

features = torch.split(features, counts.tolist())

features pad_sequence (features, batch_first=True,
padding_value=0)

coords = torch.cat((batch, features[:,:,:3].reshape
(-1,3)), dim=1)

#### random mnoise and position_embedding

features[:,:,0] /= self.spatial_shape [0]
features[:,:,1] /= self.spatial_shape[1]
features[:,:,2] /= self.spatial_shape[2]

#HE#E DO

noise_b0 = torch.normal (mean=0, std=torch.ones ((

batch_size, self.noise_channels, torch.max(counts))
, device=dense_voxels.device))

cat_features_noise_0 = torch.cat((features.permute
(0,2,1), noise_b0), dim=1)

offset_b0 = self .mlp_2(self.mlp_1(self.mlp_0O(
cat_features_noise_0))) .permute(0,2,1) .reshape
(-1,3)

offset_b0 = offset_b0 * torch.tensor ([self.
spatial_shape[0] / 2, self.spatial_shapel[l] / 2,
self.spatial_shape[2] / 2 ], device=dense_voxels.
device) .float ()

new_bxyz_b0 = torch.cat((coords[:,0].unsqueeze (1),
coords[:,1:] + offset_b0), dim=1)



coords_bO = torch.cat((coords[:,0].unsqueeze (1), (
coords[:,1:] + offset_b0).floor()), dim=1) .int ()

## Step 1 : propagate feature

#### feature = feature / (offset)~"2°0.5 + 0.0001

features_b0 = features[:,:,3:].reshape(-1, self.
in_planes) * (1.0 / torch.sqrt(torch.sum(offset_bo0
**%2,dim=1)) + 0.001) .unsqueeze (1)

#### concat the mnew coords and the new features for
mean at the same time with right correspondence

features_b0 = torch.cat((coords_b0, features_b0), dim
=1)
features_b0 = torch_scatter.scatter_mean(features_b0,

torch.unique (coords_b0, return_inverse=True, dim=0)
[-1], dim=0)

coords_b0 = features_bO[:,:4].int ()

features_b0 = features_bO[:,4:]

coords_bO[:,1] = torch.clamp(coords_bO[:,1], 0, self.
spatial_shape [0] - 1)

coords_bO[:,2] = torch.clamp(coords_bO[:,2], 0, self.
spatial_shape[1] - 1)

coords_bO[:,3] = torch.clamp(coords_bO[:,3], 0, self.
spatial_shape[2] - 1)

post_sparse_voxels_b0 = spconv.SparseConvTensor (
features_bO, coords_bO0.int(), self.spatial_shape,
batch_size)

##E##E b1

noise_bl = torch.normal (mean=0, std=torch.ones ((
batch_size, self.noise_channels, torch.max(counts))
, device=dense_voxels.device))

cat_features_noise_1 = torch.cat((features.permute
(0,2,1), noise_bl), dim=1)

offset_bl = self.mlp_2(self.mlp_1(self.mlp_0(
cat_features_noise_1))) .permute(0,2,1) . .reshape
(-1,3)

offset_bl = offset_bl * torch.tensor ([self.
spatial_shape[0] / 2, self.spatial_shapel[l] / 2,
self .spatial_shape[2] / 2 ], device=dense_voxels.
device).float ()

new_bxyz_bl = torch.cat((coords[:,0].unsqueeze (1),
coords[:,1:] + offset_bl), dim=1)
coords_bl = torch.cat((coords[:,0].unsqueeze (1), (

coords[:,1:] + offset_bl).floor()), dim=1).int ()

features_bl = features[:,:,3:].reshape(-1, self.
in_planes) * (1.0 / torch.sqrt(torch.sum(offset_bl
**%2 ,dim=1)) + 0.001) .unsqueeze (1)

features_bl = torch.cat((coords_bl, features_bl), dim
=1)
features_bl = torch_scatter.scatter_mean(features_bl,

torch.unique (coords_bl, return_inverse=True, dim=0)
[-1], dim=0)

coords_bl = features_bl[:,:4].int ()

features_bl = features_bil[:,4:]

coords_bl[:,1] = torch.clamp(coords_bi1[:,1], 0, self.
spatial_shape [0] - 1)

coords_b1l[:,2] = torch.clamp(coords_bi1[:,2], 0, self.
spatial_shape[1] - 1)

coords_bi1[:,3] = torch.clamp(coords_b1[:,3], 0, self.
spatial_shape[2] - 1)



post_sparse_voxels_bl = spconv.SparseConvTensor (
features_bl, coords_bl.int(), self.spatial_shape,
batch_size)

#H#ds b2

noise_b2 = torch.normal (mean=0, std=torch.ones ((
batch_size, self.noise_channels, torch.max(counts))
, device=dense_voxels.device))

cat_features_noise_2 = torch.cat((features.permute
(0,2,1), noise_b2), dim=1)

offset_b2 = self.mlp_2(self.mlp_1(self.mlp_0(
cat_features_noise_2))) .permute(0,2,1) .reshape
(-1,3)

offset_b2 = offset_b2 * torch.tensor ([self.
spatial_shape[0] / 2, self.spatial_shapel[l] / 2,
self .spatial_shape[2] / 2 ], device=dense_voxels.
device).float ()

new_bxyz_b2 = torch.cat((coords[:,0].unsqueeze (1),
coords[:,1:] + offset_b2), dim=1)

coords_b2 = torch.cat((coords[:,0].unsqueeze (1), (
coords[:,1:] + offset_b2).floor()), dim=1).int ()

features_b2 = features[:,:,3:].reshape(-1, self.

in_planes) * (1.0 / torch.sqrt(torch.sum(offset_b2
**2 ,dim=1)) + 0.001) .unsqueeze (1)

features_b2 = torch.cat((coords_b2, features_b2), dim
=1)
features_b2 = torch_scatter.scatter_mean(features_b2,

torch.unique (coords_b2, return_inverse=True, dim=0)
[-1], dim=0)

coords_b2 = features_b2[:,:4].int ()

features_b2 = features_b2[:,4:]

coords_b2[:,1] = torch.clamp(coords_b2[:,1], 0, self.
spatial_shape [0] - 1)

coords_b2[:,2] = torch.clamp(coords_b2[:,2], 0, self.
spatial_shape[1] - 1)

coords_b2[:,3] = torch.clamp(coords_b2[:,3], 0, self.
spatial_shape[2] - 1)

post_sparse_voxels_b2 = spconv.SparseConvTensor (
features_b2, coords_b2.int(), self.spatial_shape,
batch_size)

sparse_voxel_proposal_bO0 = Fsp.sparse_add(
post_sparse_voxels_b0, origin_sparse_voxel)

sparse_voxel_proposal_bl = Fsp.sparse_add(
post_sparse_voxels_bl, origin_sparse_voxel)

sparse_voxel_proposal_b2 = Fsp.sparse_add(

post_sparse_voxels_b2, origin_sparse_voxel)

dense_voxel_proposal = self.fusion(
sparse_voxel_proposal_bO, sparse_voxel_proposal_bl,
sparse_voxel_proposal_b2)

coords, features = extract_nonzero_features/(
dense_voxel_proposal)

sparse_voxel_proposal = spconv.SparseConvTensor (
features, coords, self.spatial_shape, batch_size)

sparse_voxel_proposal = self.ReconNet (
sparse_voxel_proposal)

dense_voxel_proposal = sparse_voxel_proposal.dense ()

del batch, noise_b0O, noise_bl, noise_b2



return dense_voxel_proposal, new_bxyz_b0O, new_bxyz_bl,
new_bxyz_b2
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