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1. Encoding time
Encoding performance is crucial for real-world applica-

tions. Whereas we only state the algorithmic complexity
O(n log n + k log n) and note that encoding enables real-
time application in the main paper, we provide a detailed
analysis of its runtime in this section. For our benchmark,
we take a random subset of 103 ModelNet40 CAD mod-
els [10] and sample 101 − 105 points from their surfaces.
We also vary the number of the basis points k used for the
encoding. We investigate two implementations of the BPS
encoding scheme: the first one uses the k nearest neigh-
bor implementation available in the sklearn scientific com-
puting package [7]. Here, we use the ball-tree version of
kNN search to achieve O(n log n + k log n) complexity of
the encoding. This version of encoding can be easily par-
allelized across multiple CPUs for different point clouds.
As an alternative, we also provide a TensorFlow [1] imple-
mentation of a direct algorithm for computing pairwise dis-
tances. Despite its O(kn) complexity, it shows remarkable
performance even for large values of k and n due to the
highly efficient execution on a GPU. Various hashing-based
algorithms for kNN search designed specifically for 3D data
could be used as well [3, 4].

Results are summarized in Fig. 1. Both implementations
show super real-time encoding performance for the main
application case considered in this paper (i.e., point clouds
containing n < 105 points encoded with k < 104 points).
Combined with the proposed deep network, this allows real-
time mesh registration from raw scans. Overall, the BPS en-
coding can be tailored to a specific platform and application
via the efficiency-fidelity trade-off in varying k.

2. Space and time complexity
Apart from the FLOPs comparison on the ModelNet40

task, we also provide the inference times for a subset of
point cloud processing networks with available implemen-
tations and compare them to our models. The results are
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Figure 1. BPS encoding time. We measure encoding time per point
cloud with respect to the number of input points, basis points k and
the implementation variant. Encoding can be done in real time for
the main application cases considered in this paper (point clouds
with n < 105, encoded with BPS of k < 104).

Method Inference time (CPU) Inference time (GPU) Model size
KD-networks [5] 130ms 41ms 150MB
PointNet++ [9] - 22ms 5.8MB

PointNet [8] - 8ms 3.2MB
DeepSets [11] 16ms 0.5ms 0.8MB

Ours (BPS-MLP) 0.04ms 0.04ms 1.6MB
Ours (BPS-Conv3D) 56ms 2ms 18MB

Table 1. Inference time for different models. Our fully connected
model achieve sub-millisecond inference time on both, CPU and
GPU.

presented in Tab. 1. Compared to other methods, our fully
connected model is able to achieve sub-millisecond infer-
ence time even when being executed on a CPU.

3. Training details
A complete description of network architectures and

training strategy will be made available through publication
of our code repository. In the this section, we provide a
description of the most important elements of the training.



ModelNet40 models. For the classification task, our MLP
model consists of 2 fully connected hidden layers, each of
size 400. Each layer is followed by a ReLU activation and
dropout (with probability 0.8 and 0.4 repsectively). Class
probabilities are given by a final dense layer with a softmax
activation. The model is trained with the ADAM optimizer
for 2500 epochs with a batch size of 2048 samples, with an
initial learning rate of 1.0e-4 reduced to 1.0e-5 after 2000
epochs. Training data is augmented by few fixed-angle az-
imuth rotations.

Our Conv3D-model is similar to the original VoxNet [6]
architecture, with 4 blocks of 3 × 3 × 3 convolutions, with
each pair of blocks followed by a max-pooling layer of size
2 × 2 × 2. This is followed by 2 fully connected layers of
size 512 (with separating dropout layers of 0.8 and 0.6). The
model is trained with the ADAM optimizer for 505 epochs
with a batch size of 512 samples, with an initial learning
rate of 1.0e-4 reduced to 1.0e-5 after 500 epochs.

FAUST model. For the FAUST model, the architecture
is depicted in Fig. 2 of the main manuscript. There, fully
connected layers of size 1024 are used. The model is trained
with SGD with momentum of 0.9 for 1000 epochs, with
an initial learning rate of 1.0 and followup reductions by
a factor of 0.5 every 5 epochs of no improvement on the
validation set.

4. Results on DYNAMIC FAUST

The efficiency of BPS allows us to process large datasets
efficiently. We showcase this in the supplementary video1,
where thousands of point clouds from the DYNAMIC
FAUST dataset [2] are aligned with BPS. We use exactly
the same network used in the FAUST experiments with-
out any retraining or fine-tunning; this shows that our net-
work generalizes well to unseen poses and subjects. Each
frame is processed independently and no smoothness post-
processing was applied to the video. The performance is
pretty consistent across the sequences, with one negative
factor impacting the accuracy of the alignments: the pres-
ence of strong outliers from the floor and the scanner. While
the system is robust to the presence of few spurious points
around the body, it is sensitive to large amounts of points
far from it. Those large chunks drastically change the rep-
resentation due to the size normalization of the point cloud,
which makes the point cloud very different from any cloud
in the training set. We believe this could be easily alleviated
by introducing similar synthetic noise in our training data or
making the normalization more robust to noise.

1https://youtu.be/kc9wRoI5JbY
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