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In this supplementary, we will firstly give the detailed explanation of our loss
function in Sec. 1. Then, the train and test details of three datasets are in Sec. 2.
And we also provide code tutorial in Sec. 3. More visual results of our method
on the S3DIS, PartNet and ScanNetV2 datasets are shown in Sec. 4. Finally,
more instance and semantic similarity matrices are visualized in Sec. 5.

1 Loss Function

As mentioned in the main manuscript, our loss function L is defined as:

L = Lsem + Lins, (1)

where Lsem is classical cross entropy loss for semantic segmentation and Lins

is instance segmentation loss. Lins is defined as:

Lins = α · Lvar + β · Ldist + γ · Lreg, (2)

where Lvar aims to pull the points belonging to the same instance towards
the mean embedding i.e. the instance center, while Ldist aims to push different
instance centers far away from each other. And Lreg is a regularization term to
keep the embedding values bounded. α, β and γ are the weights of the three
terms. Specifically, each term is formulated as:

Lvar =
1

C

C∑
i=1

1

Ni

Ni∑
j=1

[||µi − xj ||1 − δv]2+, (3)

Ldist =
1

C(C − 1)

C∑
cA=1

C∑
cB=1

cA 6=cB

[2δd − ||µcA − µcB ||1]2+, (4)

Lreg =
1

C

C∑
c=1

||µc||1 , (5)

? Corresponding author.
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where C is the number of ground-truth instances, Nc is the number of points
in instance c, µi is the mean embedding of instance c, xj is an embedding of a
point. ||·||1 is the l1 distance. δv and δd are margins. [x]+ = max(0, x) means the
hinge. In our experiment, we set α = 1, β = 1, γ = 0.001, δv = 0.5, δd = 1.5.

2 Train and Test Details

We evaluated BAN on the three prevalent datasets. For S3DIS, we carry out
training (100 epochs) and testing with the 6-fold cross-validation and split the
rooms into 1m × 1m overlapped blocks (each containing 4096 points) on the
ground plane, as used in PointNet.

While for ScanNetV2, we use the official training and testing set partition.
We split the rooms as S3DIS and train the network for 20 epochs. As for PartNet,
following SGPN [1], we train and test on each object category separately and
report the evaluation results as the mean of metric values over all the objects.
Each object is represented by a point cloud with 4, 096 points.

3 Code Tutorial

We provide source code and use S3DIS dataset as example to prove the trust-
worthy and reproducible of our method. Please check ”README.md” file in
”BAN” folder for the details.

4 Visual Results

Here, more visual results of our method are shown in Fig. 3, Fig. 2 and Fig. 1.

5 Similarity Matrix Visualization

Here, more instance and semantic similarity matrices are visualized in Fig. 4.
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Real Scene Ins Ins GT Sem Sem GT

Fig. 1. Visual results on the ScanNetV2 dataset.

Real Scene Ins Ins GT Sem Sem GT

Fig. 2. Visual results on the S3DIS dataset.



135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

ACCV2020

#509
ACCV2020

#509
CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

4 G. Wu, Z. Pan, P. Jiang, C. Tu.

Ins Ins GT Sem Sem GT

Fig. 3. Visual results on the PartNet dataset.

Real Scene GT Semantic Sim. Instance Sim.

Fig. 4. Visualization of instance and semantic similarity matrices.


