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This document contains additional materials for our proposed method, ProGRIP, including additional
details of our implementation (Sec. A), two demonstrative applications in semantic shape editing
(Sec. B) and shape compactness (Sec. C), our study on using repeatable parts instead of posed parts
for segmentation (Sec. D), a comparison on reconstruction quality between our box abstractions and
our posed implicit functions (Sec. E), a comparison on reconstruction quality between repeatable
parts and nonrepeatable parts both using implicit shape representations (Sec. F), more baselines
(Sec. G), more qualitative visualizations (Sec. H), and some representative failure cases of our method
(Sec. I). Please visit our project webpage, progrip-project.github.io, for additional visualizations.

A Additional Implementation Details

Architecture. We use an auto-encoding architecture for generating ProGRIP programs. The encoding
network uses an identical architecture as in [12], which takes in a pointcloud of 4096 points and
predicts a 512-d feature vector as the global feature of the input. Then this global feature vector is feed
into a geometry transformer to predict as set of repeatable parts, specified by their scale si and part
latent zi. The geometry transformer is constructed by stacking 4 self-attention blocks [11], each with
8 attention head, 256-d hidden features, and 2048-d feed-forward features. Note that this architecture
is the same as the transformer used in [1]. Further, to predict the occurrences of each repeatable
part, we use another pose transformer with the same architecture as the geometry transformer to
transform the part latent zi to a set of posed occurrences parameterised by the translation ti,j ,
rotation Ri,j , and existence probability δi,j . At program generation, we set the maximum number
of repeatable parts N = 10 and the maximum number of occurrences for each repeatable part
M = 6. So far, the architecture is already capable of predicting a ProGRIP composed of posed parts
{(si, zi, ti,j ,Ri,j , δi,j)}. To further model the fine geometric details of the object, we execute each
posed part as a pose implicit function that can answer occupancy queries for any point x. Particularly,
given x, we first inverse transform it by x′ =

(
R−1

i,j (x− ti,j) /si
)
. Then we concatenate it with zi

and feed it into an implicit part decoder P . We use the same architecture for P as in [6] except that
we use 50-d latent features instead of 512-d for efficiency purpose. The output of P is multiplied by
the binary existence δ̂i,j to get the occupancy of x regarding posed part (i, j), oi,j(x). The object
occupancy O is the maximum of all oi,j .

Optimization. We train our model in 2 stages. At the first stage, we optimize the parameters for
generating ProGRIP. Specifically, we use stochastic gradient descent to minimize Lm. The ground
truth non-repeatable box abstraction is obtained by running the officially released pretrained models
from [12]. We use an AdamW [5] optimizer with a learning rate of 0.0001 and a batch size of 32. We
train the model for 75 epochs which is ~2 hours on an Nvidia Titan RTX. At the second stage, to train
the implicit functions, we use the sample points preprocessed by [6] and [3]. In particular, for each
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Figure 1: We show an example editing application of ProGRIP where we swap semantic parts. First,
we take 2 chairs reconstructed by ProGRIP with semantic part decomposition (left). Then, one can
select one or multiple semantic parts on the chairs that they want to swap. In this case, we select
chair arms on both chairs (middle). The swapping can be done as simple as swapping the shape
latent of those arms (right). Note that while we only swap one shape latent, the shape changing is
automatically propagated to both arms and the scale and pose are aligned properly to the new chair
thanks to the disentangled shape and pose modeling in ProGRIP.

shape within a batch, we use 1300 points uniformly sampled from the bounding box of the object,
200 points sampled near the object surface, and 100 points sampled on the object surface. We use an
Adam optimizer for parameters within the implicit part decoder P and an AdamW optimizer for all
the other parameters. The learning rate of both optimizers is set to 0.0001 and the batch size is 16.

Evaluation. We validate ProGRIP on 2 tasks, reconstruction and unsupervised part segmentation.
For reconstruction, we measure the quality by computing the IoU and F-Scores. We use the same
100, 000 volume samples with ground truth occupancy as [6] to compute the IoU. To compute the
F-Score, we first extract the meshes for all objects. Then we sample 100, 000 points from both the
predicted mesh and the ground truth mesh and calculate the F-Score at a threshold τ = 0.01. As
for segmentation, we follow prior works [2, 12] to use the ShapeNet-Part [13] part annotations and
merge the labels for leg and support of tables as 1 semantic label. We further merge the tail and body
labels for we found inconsistent labeling within these 2 parts.

While we believe that we’ve provided all the implementation details to reproduce our results, upon
publication, we will release our code for all the results reported to further assist future research
built on our work.

B Application: Semantic Shape Editing

After training, our ProGRIP can decompose shapes into recurring semantics structures. This enables
more convenient shape editing as one can directly operate at the semantic level such as both arms of
a chair rather than the element level such as each arm alone. In Fig. 1, we demonstration one demo
editing where we swap the arms of 2 different chairs. With the help of ProGRIP, this processing can
be as simple as swapping the shape latent code. Note that the scale, orientation, and location of the
swapped arms are automatically aligned to the new base chair thanks to the 2-level modeling of shape
and pose in ProGRIP. We present additional editing examples in Fig. 2.
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