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1. Instance Segmentation Details
We use SGD with 0.9 momentum; a linear learning rate

warmup [6] over 1000 updates starting from a learning rate
of 0.001 is applied; weight decay 0.0001 is applied; hori-
zontal flipping and scale train-time data augmentation; the
batch normalization (BN) [7] layers from the ImageNet pre-
trained models are frozen (i.e., BN is not used); no test-time
augmentation is used.

COCO [11]: 16 images per mini-batch; the training sched-
ule is 60k / 20k / 10k updates at learning rates of 0.02 / 0.002
/ 0.0002 respectively; training images are resized randomly
to a shorter edge from 640 to 800 pixels with a step of 32
pixels and inference images are resized to a shorter edge
size of 800 pixels.

Cityscapes [4]: 8 images per mini-batch the training
schedule is 18k / 6k updates at learning rates of 0.01 /
0.001 respectively; training images are resized randomly to
a shorter edge from 800 to 1024 pixels with a step of 32 pix-
els and inference images are resized to a shorter edge size
of 1024 pixels.

Longer schedule: The 3× schedule for COCO is 210k /
40k / 20k updates at learning rates of 0.02 / 0.002 / 0.0002,
respectively; all other details are the same as the setting de-
scribed above.

2. Semantic Segmentation Details
DeeplabV3 [3]: We use SGD with 0.9 momentum with 16
images per mini-batch cropped to a fixed 768×768 size;
the training schedule is 90k updates with a poly learning
rate [13] update strategy, starting from 0.01; a linear learn-
ing rate warmup [6] over 1000 updates starting from a learn-
ing rate of 0.001 is applied; the learning rate for ASPP and
the prediction convolution are multiplied by 10; weight de-
cay of 0.0001 is applied; random horizontal flipping and
scaling of 0.5× to 2.0× with a 32 pixel step is used as train-
ing data augmentation; BN is applied to 16 images mini-
batches; no test-time augmentation is used;

SemanticFPN [8]: We use SGD with 0.9 momentum with
32 images per mini-batch cropped to a fixed 512×1024 size;

the training schedule is 40k / 15k / 10k updates at learning
rates of 0.01 / 0.001 / 0.0001 respectively; a linear learning
rate warmup [6] over 1000 updates starting from a learn-
ing rate of 0.001 is applied; weight decay 0.0001 is applied;
horizontal flipping, color augmentation [12], and crop boot-
strapping [1] are used during training; scale train-time data
augmentation resizes an input image from 0.5× to 2.0×
with a 32 pixel step; BN layers are frozen (i.e., BN is not
used); no test-time augmentation is used.

3. Semantic Segmentation Boundary Quality
Intersection-over-union (IoU) [5] is heavily biased to-

wards object-interior pixels and less sensitive to the bound-
ary quality. The common approach to evaluate segmen-
tation accuracy around boundaries is to calculate IoU for
a “trimap”, a narrow band surrounding segment bound-
aries [10, 14, 2, 9]. In Table 1 we compare mIoU for
trimaps of different pixel widths for models with and with-
out PointRend for semantic segmentation on Cityscapes.
We confirm that PointRend boosts boundaries quality as the
improvement is larger for narrow trimaps.

method
trimap mIoU

mIoU
8px 20px

DeeplabV3-OS-16 42.4 57.5 77.2
DeeplabV3-OS-16 + PointRend 47.3 (+4.9) 61.2 (+3.7) 78.4 (+1.2)

SemanticFPN P2-P5 47.0 60.6 77.7
SemanticFPN P2-P5 + PointRend 48.6 (+1.6) 62.1 (+1.5) 78.6 (+0.9)

Table 1: Cityscapes mIoU within trimaps of different pixel widths.
PointRend significantly improves segmentation quality around
boundaries as the difference is larger for narrower trimaps.
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