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0.1. Part annotation tool for 3D CAD models

We use the Blender [2] plugin built by Kim et al. [5] to perform per-mesh part labeling on the 3D CAD models. A screen-
shot of the software interface is shown in Figure 1, where a group of meshes is selected and labeled as the part wheel_front
for the bicycle CAD model.
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Figure 1. A screenshot of the custom Blender plugin for per-mesh part labeling on 3D CAD models.

0.2. Part annotation tool for real test images

We use the VGG Image Annotator (VIA) [4] to manually label the parts on the real images. A screen-shot of the annotator
interface is shown in Figure 2, where vertices of a polygon are located to define the segmentation mask of the part cockpit for
the aeroplane in this image.

0.3. UDA-Part 3D CAD Models and Part Lists

UDA-Part is composed of 21 3D CAD models from 5 vehicle categories, each with detailed per-mesh part labeling.
Figure 3 shows the all 21 CAD models and their corresponding part annotations. The full lists of parts annotated for each
vehicle category can be found in Table 1.
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Figure 2. A screenshot of VIA software for manual part annotation on real images.

category part list

bumper_back, door_back_left, wheel back_left, window_back_left, license_plate_back, door_back_ right,
wheel_back_right, window_back _right, windshield_back, bumper_front, door_front_left, wheel _front_left,

car window _front_left, license_plate_front, door_front_right, wheel_front_right, window _front_right, windshield_front,
hood, frame _left, head_light_left, mirror_left, quarter_window_left, tail light_left,

frame _right, head_light_right, mirror_right, quarter_window_right, tail_light_right, roof, trunk

wheel_front, wheel_back, fender_front, fender_back, frame, mirror_left,
mirror_right, windscreen, license_plate, seat, seat_back, gas_tank,

motorbike handle_left, handle_right, headlight, taillight, exhaust_left, exhaust_right,
engine, cover_front, cover_body
propeller, cockpit, wing_left, wing_right, fin, tailplane_left,
acroplane tailplane_right, wheel _front, landing_gear_front, wheel back _left, landing_gear_back_left, wheel back right,

landing_gear_back right, engine_left, engine_right, door_left, door_right, bomb_left,
bomb_right, window_left, window _right, body

wheel_front_left, wheel _front_right, wheel _back_left, wheel_back _right, door_front_left, door_front_right,
door_mid_left, door_mid_right, door_back_left, door_back_right, window_front_left, window _front_right,
bus window_back_left, window_back_right, licplate_front, licplate_back, windshield_front, windshield_back,
head_light_left, head_light_right, tail light_left, tail_light_right, mirror_left, mirror_right,

bumper_front, bumper_back, trunk, roof, frame_front, frame_back, frame_left, frame _right

wheel_front, wheel_back, fender_front, fender_back, fork, handle _left,
bicycle handle_right, saddle, drive_chain, pedal_left, pedal_right, crank_arm_left,
crank_arm_right, carrier, rearlight, side_stand, frame

Table 1. Part list for each vehicle category in UDA-Part

0.4. More detailed comparisons between UDA-Part and PascalPart [1]

In Table 2, we list out more details about UDA-Part and make per-category comparisons with PascalPart [1]. The number
of training samples in PascalPart is small, while UDA-Part provides large-scale synthetic images that is more adequate for
deep neural network training. Also, the number of parts in UDA-Part is 2 to 4 times of the number in PascalPart, indicating
UDA-Part provides more detailed part labeling for each category. In Figure 4, we visualize several examples to compare the
part annotations in UDA-Part and PascalPart. UDA-Part provides more fine-grained part annotations and these detailedly
labeled parts will be more useful for various tasks.

In Figure 5, we further compare the distribution of object azimuth angles, number of parts per image, and number of
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pixels per part in PascalPart and UDA-Part real test images. PascalPart is biased to objects in the front-view, while UDA-Part
contains more evenly distributed viewpoints, which results in more evenly distributed part instances. The number of parts
per image in PascalPart is 2 to 3 times smaller than UDA-Part, which agrees with the fact that the number of parts labeled
per category in PascalPart is also 2 to 3 times smaller. Moreover, the majority of parts in PascalPart have more than 5000
pixels, while the parts in UDA-Part have evenly distributed sizes between 100 to 10000 pixels, indicating UDA-Part is a more
challenging dataset for part segmentation.

car motorbike aeroplane bus bicycle
UDA-Part (S)30,000 | (S)24,000 | (S)24,000 | (S)24,000 | (S) 24,000
f# of training images -5 <o rp [®R) 538 [®) 261 [R) 266 ®) 221 [®R) 252
. UDA-Parts | (510,000 | (S)8,000 (S) 8,000 (S) 8,000 (S) 8,000
# of test images (R) 40 (R) 40 (R) 40 (R) 40 (R) 40
PascalPart R) 520 {R) 255 [®R) 280 [®) 229 [®R) 263
¢ of oart UDA-Parts 31 21 22 32 17
ol parts PascalPart 13 6 6 13 7

Table 2. Per-category comparisons between UDA-Part and PascalPart [1]. (S) indicates synthetic images, while (R) indicates real images.
Note UDA-Part provides more samples which is more adequate for deep neural network training, and more number of parts per category
which makes the segmentation task more challenging.

0.5. More training details for GMG.

We implement GMG using Pytorch [7] on two TitanX GPUs. Synthetic training images are resized to have a long edge
of 800 pixels while real training images are resized to have a short edge of 224. We apply random scaling between 0.5 and 2
and random crop of 513 x 513 to all input samples. For evaluation, the real test images are resized to short edge 224. We use
batch size 12 for training. The Source-Only model M is trained for 50 epochs using an SGD optimizer, with momentum
set to 0.9 and weight decay equals le — 4. The learning rate starts at 0.007 and decreases every epoch using a polynomial
scheduler with power 0.9. For geometric matching, we use thin plate spline transformation with 25 anchor points and take the
first four convolutional blocks of an ImageNet [3] pre-trained VGG16 network [8] as the feature extractor. The confidence
threshold -y is set to the 60th percentile of the scores obtained from all samples in the corresponding category. We implement
the pair selection using python with 8 parallel CPU threads. For a pool of 24 candidates, it takes 2.1 seconds per image and
roughly 54 (195) minutes for the training set of PascalPart (PASCAL3D+). When the ground-truth viewpoint is given, the
matching takes less than 0.4 second per image, and thus roughly 10 (30) minutes for PascalPart (PASCAL3D+). During joint
training, we apply strong augmentations to synthetic images following [0]. The joint training takes 10000 iterations and the
learning rate is fixed at 2.5e — 4. The real loss coefficient A is set to 1.0 for all “w/vp” experiments and 0.1 for all others.

0.6. Potential of using UDA-Part for fully-supervised domain adaptation

Besides unsupervised domain adaptation, UDA-Part can also be applied to fully-supervised domain adaptation by using
PascalPart training labels. Here, we use naive fine-tuning approach to illustrate the potential. More specifically, we use
PascalPart training samples with part labels to train two DeepLabv3+ models: one model is initialized from ImageNet
pre-trained weights, and then trained on PascalPart; the other one is first trained for UDA-Part segmentation, then fine-
tuned on PascalPart. The results are shown in Table 3. Using UDA-Part pre-trained weights consistently improves the final
performance on each category for more than 1 point. UDA-Part pre-training helps the model to start with more meaningful
deep features and benefits part segmentation in real image domain even when only naive fine-tuning is used.
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Init. from
ImageNet UDA-Part
car 40.36 41.59
motorbike 38.08 39.42
aeroplane 42.47 44.07
bus 34.42 36.36
bicycle 40.57 41.22

Table 3. Comparison of weight initializations for fully supervised part segmentation in the real image domain. PascalPart [1] training
labels are used to train DeepLabv3+ models, and the performance (mloU) on the test split is shown here. Note if the model is pre-trained
on UDA-Part segmentation task, the final results could be consistently improved by more than 1 point.
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