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A Additional Results
Additional Visualization. Fig. 5 and Fig. 6 show additional results on simulated and real-world
data, respectively.

Quantitative Results for Categories. Table 1 shows detailed quantitative evaluation for unseen
instances for seen categories (Chair, Lamp, Faucet) and unseen categories (Table, Display).

Table 1: Quantitative results of our algorithm on different categories.

Canonical Pose Random Pose
Precise Part | Imprecise Part | Precise Part | Imprecise Part
CD PA SR |CD PA SR |[CD PA SR |[CD PA SR

Chair | 7.7 57.7 193|7.3 644 25.1|7.6 584 19.3|8.3 63.0 24.0
Lamp |7.6 669 29.1|59 72.1 40.9|8.1 64.2 26.2|6.0 74.4 455
Faucet | 7.3 65.6 24.4|6.5 63.1 20.7|7.4 63.6 20.6|6.5 623 224
Table |7.5 52.0 20.6|7.0 55.1 21.5|8.1 50.8 17.8|6.9 55.7 22.2
Display |4.2 59.2 23.2|4.7 59.3 20.2|4.4 60.8 23.8/4.9 58.5 16.9

GPAT builds creative assemblies. To fully test the generalization abilities of GPAT, we provide
unseen part shapes like a banana, hammers, and forks as parts to create novel targets such as a plane.
Our model predicts creative assemblies given target shapes from unseen categories and non-exact
parts, as seen in Fig. 1. The shapes are taken from PartNet [1], ModelNet40 [2], and YCB dataset [3].

Target Parts Segmentation Assembly

Figure 1: Creative Assemblies. Our model predicts creative assemblies given target shapes from unseen
categories and non-exact parts. Top row: a chair assembled with lamps as chair legs. Middle row: a table
assembled with a plate and spoons. Bottom row: a plane assembled with a banana and hammers.
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GPAT is applicable to part discovery. GPAT is directly applicable to the task of part discovery,
i.e., predict a part segmentation given a target [4], if we do not provide input parts. We show some
qualitative results in Fig 2 to test GPAT s part discovery abilities. Given non-exact parts, PAT predicts
accurate segmentations as usual. If we input identical blocks, which specifies the number of parts
but provides little information about the part shapes, then GPAT predicts reasonable segmentations
with the specified number of segments. Finally, we omit the input parts, and GPAT successfully
discovers parts in the target shape.
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Figure 2: Application to Part Discovery. Given non-exact matching parts (Non-Exact), identical blocks
(Identical), and no part point clouds input, GPAT predicts reasonable part segmentations of the target.

GPAT is aware of part scales. Part assembly often involves parts that have the same geometry
but different scales, so it is necessary for a model to discriminate parts of different scales to create
correct assemblies. As an qualitative illustration in Fig. 3, we adjust the scale of the parts that have
same geometry (the legs of chair/table), and the model correctly associates parts of different scales
to the target to build the desired assemblies.
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Figure 3: Sensitivity to Scale. The legs of the chair/table are manually scaled, and the model correctly associate
parts of the same shape but different sizes.
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Optimization is prone to local minima. The optimization baseline (Opt) achieves the lowest
chamfer distance (CD) in some scenarios, but its part accuracy (PA) and success rate (SR) are
significantly lower. As seen in Fig. 4, directly optimizing the part poses to match the target often
result in predictions at local minima where the predicted assembly matches the contour of the target,
but the assembly makes no semantic sense.

Target

Figure 4: Optimization is prone to local minima.

B Data and Training Details

We use Furthest Point Sampling (FPS) to sample 1,000 points for each part point cloud and 5,000
points for each target point cloud. Followed the previous work [6], we also zero-center all the point
clouds, and align the principle axes of the part point clouds with the world axes using Principle
Component Analysis (PCA).

In our training, we downsample the target point features by a factor of 10, so for each sample, we
obtain 500 target point features. We use a feature dimension of 256 and we use 8 GPAT layers, with
k values of 16, 16,32, 32, 64, 64,500, 500. We use Adam [7] with a learning rate of 0.00004, a batch
size of 36. We train for 2000 epochs in total.
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Figure 5: Qualitative Results. Chairs, lamps, and faucets are seen during the training. Tables and displays
are unseen categories. The first row of each category displays targets in black, and the second row shows our
predictions.
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Figure 6: Results on Real-world Data. Non-exact parts from the same category as the target point cloud,
which are teal-world scans taken from Redwood dataset [5].
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