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1. Architecture Details.

The image embedding network in the Feature Extrac-
tion module consists of a standard ResNet-34 encoder pre-
trained with ImageNet and followed by 4 up-sampling lay-
ers as a decoder. The output RGB feature is of 128 chan-
nels. The point cloud embedding network is a PointNet++
[9] with Multi-scale Grouping (MSG), the output of which
is also of 128 channels. In the DenseFuion block, for each
sampled point, the 128 channels RGB feature is concate-
nated with the corresponding 128 channels point cloud fea-
ture and is fed into shared MLPs to raise the feature chan-
nels to 1024. The 128 channels RGB and point cloud fea-
ture are also fed into shared MLPs and raised to 256 chan-
nels respectively. They are then all concatenated together
to form 1792 (128*2+256*2+1024) channels RGBD fea-
tures. The 3D keypoint offset voting module M consists
of shared MLPs (1792-1024-512-128- Ny, *3) reducing the
1792 channels RGBD features to Vi, 3D keypoints offset.
The semantic segmentation module M s consists of shared
MLPs (1792-1024-512-128-N.;s) with N_;s the number of
object classes. The center voting module M also consists
of shared MLPs (1792-1024-512-128-3). During training,
Adam optimization algorithm is employed, with a mini-
batch size of 24. We applied cyclical learning rates during
training, the range of which is from 1le-5 to le-3.

2. Implementation: Models for LineMOD

dataset.

In the LineMOD dataset, though there are multi objects
in one scene, only the label of one target object in each
scene is provided, making it hard to train a single model
for all objects. Therefore, we follow PVNet[&] and trained
models separately for each object. It means our semantic
segmentation module M only predicts two semantic la-
bels for each object, label of the target object and the back-
ground.
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3. Implementation: PVN3D+ICP

We introduce our implementation of PVN3D+ICP as fol-
lows. During training and inference of PVN3D, we ran-
domly sample 12288 points (pixels) from the whole scene
as input. Only these points are labeled with the semantic
label by our instance semantic segmentation module, which
is not enough for a good performance of the ICP algorithm.
Therefore, for each unlabeled point in the whole point cloud
scene, we find its closest labeled point and assigned that
label to it. Points with the same instance semantic labels
are then selected. To eliminate the effect of noise points,
a MeanShift [2] clustering algorithm is also applied. The
biggest cluster of points is then selected as the input of the
ICP algorithm.

4. More Results

4.1. Instance semantic segmentation

We provide more results of instance semantic segmenta-
tion in Table 1.

4.2. Visualization of detected keypoints

The visualization of some detected keypoints is shown in
Figure 1.

4.3. Evaluation on the Occlusion LineMOD Dataset

The Occlusion LineMOD dataset [1] is additionally an-
notated from the LineMOD datasets, objects of which are
heavily occluded, making it harder for pose estimation.
Evaluation results in Table 2 show that our PVN3D outper-
forms previous methods by a large margin.

4.4. Inference time

It takes 0.17 seconds for network forward propagation
and 0.02 seconds for pose estimation of each object during
inference. The overall runtime is 5 FPS on the LineMOD
dataset.



PoseCNN[10] Mask Ms Ms k Ms x.c
R-CNN[3]

002_master_chef_can 86.9 87.7 88.0 88.1 87.7

003 _cracker_box 87.5 85.9 88.0 88.2 88.3

004 _sugar_box 92.0 91.1 92.3 91.4 91.5

005 _tomato_soup_can 86.4 87.1 88.5 88.7 88.7

006_mustard_bottle 93.1 93.1 92.7 93.2 93.3

007_tuna_fish_can 89.2 88.8 89.2 89.5 89.6

008_pudding_box 73.9 82.5 86.7 90.7 90.8

009_gelatin_box 84.3 91.9 92.6 89.5 89.5

010_potted_meat_can 83.9 84.9 88.4 86.4 86.3

011_banana 90.0 90.2 89.0 89.0 89.1

019_pitcher_base 95.7 92.2 96.1 96.3 96.4

021_bleach_cleanser 88.2 90.2 87.1 91.8 91.7

024 _bowl 90.3 90.8 92.1 79.0 78.8

025_mug 83.0 80.7 83.8 84.1 84.1

035_power_drill 86.4 87.8 87.2 88.8 88.8

036_wood_block 79.8 83.2 82.6 78.5 78.5

037 _scissors 65.7 51.6 67.1 77.1 77.2

040_large_marker 69.7 73.4 76.9 74.5 74.6

051 _large_clamp 43.1 48.4 58.5 62.5 70.2

052 _extra_large_clamp 30.4 36.1 41.5 50.7 69.0

061 _foam_brick 87.7 87.4 89.3 87.4 87.3

MEAN 80.3 81.2 \ 83.7 \ 84.1 85.3

Table 1. Instance semantic segmentation results (mloU(%)) of different approaches.
PoseC]NN Oberweger Hu et al. [5] Pix2Pose [7] PVNet [8] DPOD [11] PVN3D

ape 9.6 12.1 17.6 22.0 15.8 - 339
can 452 39.9 53.9 44.7 63.3 - 88.6
cat 0.9 8.2 33 22.7 16.7 - 39.1
driller 414 452 62.4 44.7 65.7 - 78.4
duck 19.6 17.2 19.2 15.0 25.2 - 41.9
eggbox 22.0 22.1 25.9 25.2 50.2 - 80.9
glue 38.5 35.8 39.6 32.4 49.6 - 68.1
holepuncher 22.1 36.0 21.3 49.5 39.7 - 74.7
average 249 27.0 \ 27.0 \ 32.0 40.8 473 63.2

Table 2. Quantitative evaluation of 6D Pose on ADD(S) [4] metric on the Occlusion LineMOD dataset. Objects with bold name are

symmetric.
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Figure 1. Visualization of 3D keypoints in YCB-Video dataset. Blue points are sampled point clouds from the scene. Red points are the
ground truth 3D keypoints and green points are predicted 3D keypoints.
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