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Original HRNet Segmentation Head

Figure 1. Semantic segmentation head proposed in HRNet [11].

1. HRNet Variant

We introduce our modifications to the HRNet [10, 11]
that are used in our ensemble model [2] for Mapillary Vis-
tas. All hyper-parameters for training HRNet variants are
the same as Xception, except that the learning rate is set to
7.5e− 4.

1.1. HRNet

The original segmentation head for HRNet is shown in
Fig. 1. Features from all four resolutions are first upsampled
to the 1/4 resolution and concatenated, followed by another
1× 1 convolution to fuse features.

To pre-train the HRNet on ImageNet [4], Wang et
al. [11] designed a specific image classification head which
gradually downsamples the feature maps, as shown in
Fig. 2 (a). Specifically, a bottleneck residual module [6]
is applied to every output resolution to increase the chan-
nels. The feature map from the finest spatial resolution (i.e.,
1/4 resolution) is then downsampled by sequentially using a
3× 3 convolution with stride 2. At the final 1/32 resolution
feature map, a global average pooling and a fully connected

layer are attached for ImageNet classification.

1.2. HRNet+

After pre-training on ImageNet, Wang et al. [11] re-
moved the image classification head. However, we observe
that the classification head takes around 20% of the total
parameters, which is a waste of information if discarded.
Therefore, we propose to keep this classification head in our
modified HRNet+ (Fig. 2 (b)). Starting from the image clas-
sification HRNet, we replace the final global average pool-
ing and linear classifier with an ASPP module, and build a
similar decoder as shown in Fig. 2 of main paper with some
differences that the output stride of encoder is now 32 in-
stead of 16 and we introduce one more encoder feature map
of stride 16 to the decoder by first projecting its channels to
96.

1.3. HRNet-Wider+

We additionally propose HRNet-Wider+ (Fig. 2 (c)) that
replaces the basic residual module [6] with the Xception
module [3], significantly reducing the model parameters
and computation FLOPs at the cost of marginal degrada-
tion in performance. Additionally, we employ the number
of channels {64, 256, 384, 384} for each resolution (instead
of {48, 96, 192, 384}).

1.4. Atrous HRNet

Another modification of HRNet that we have explored is
referred to as HRNet+ (Atrous), where we remove all the
downsampling operations that generate 1/32 resolution fea-
ture maps and apply atrous convolution with rate equal to 2
in that branch. This modification increases the computation
FLOPs but does not improve the performance compared to
its HRNet+ counterpart.



Decoder Backbone Input Size PQ (%) AP (%) mIoU (%) Speed (ms) Params (M) M-Adds (B)

DeepLabV3+ [1] Xception-71 1025× 2049 62.5 34.5 80.2 176 46.61 553.41

Panoptic-DeepLab Xception-71 1025× 2049 63.0 35.3 80.5 175 46.72 547.49
Table 1. Comparison between the decoder design of DeepLabV3+ [1] and Panoptic-DeepLab on Cityscapes validation set.

Original HRNet Classification Head

(a) Image classification head proposed in HRNet [11], which is discarded
after pre-training on ImageNet.

Our HRNet+

(b) Our proposed HRNet+, which keeps the image classification head
and attaches the ASPP module as well as the decoder module for
segmentation tasks.

Our HRNet-Wider+

(c) Our proposed HRNet-Wider+, which reduces the model parameters
and computations by adopting the Xception module.

Figure 2. Demonstration of our proposed variants of HRNet [11].

2. Auto-DeepLab Variant

We make a simple modification to the Auto-DeepLab [9]
in Fig. 3 by removing the stride in the convolution that gen-
erates the 1/32 feature map in order to keep high spatial
resolution within the network backbone. We find this modi-
fication improves 1% PQ on Mapillary Vistas validation set.

Auto-DeepLab+

1

Downsample\Layer

2

4

8

16

1 L2 3 4 5 L-1……

16

A
S

P
P

A
S

P
P

A
S

P
P

A
S

P
P

Figure 3. Our proposed Auto-DeepLab+, which keeps the high
spatial resolution of feature maps by removing the last stride, i.e.,
no spatial resolution changes marked in the red arrows.

3. Comparison with DeepLabV3+ decoder
As mentioned in the main paper that the decoder of

Panoptic-DeepLab is slightly different from the one in
DeepLabv3+ [1]. Herein, we compare their performance
on Cityscapes validation set, as shown in Tab. 1. Panoptic-
DeepLab outperforms DeepLabv3+ by 0.5% PQ, 0.8% AP,
and 0.3% mIOU, showing more improvement in the in-
stance segmentation task. Additionally, Panoptic-DeepLab
is slightly faster than DeepLabv3+ at the cost of extra
marginal parameters.

4. Comparison with different instance scores

Instance score PQ (%) AP (%) mIoU (%)

Score(Objectness) 63.0 28.9 80.5
Score(Class) 63.0 35.1 80.5

Score(Objectness) x Score(Class) 63.0 35.3 80.5

Table 2. Ablation study on using different confidence scores. Note
the choice of confidence scores only affects AP.

In Tab. 2, we experiment with different confidence
scores when evaluating instance segmentation results. We
found that using Score(Objectness) alone leads to 28.9%
AP, Score(Class) alone produces 35.1% AP, while employ-
ing Score(Objectness)× Score(Class) generates the best re-
sult (35.3% AP). We would like to highlight that the choice
of different confidence score does not affect our final mIoU
and PQ results, since our Panoptic-DeepLab does not pro-
duce overlapping predictions and therefore does not require
a confidence score to rank predictions (or to resolve the con-
flict among overlapping predictions) like Panoptic-FPN [7].
Confidence score is only used in computing AP to rank in-
stance mask predictions. Since it is only used for the pur-
pose of ranking, the confidence score does not necessarily



Instance v.s. Panoptic Annotation

(a) Image (b) Instance: All (c) Instance: Person (d) Panoptic: Person

Figure 4. Illustration of the difference between instance and
panoptic annotation on COCO.

need to be a probability.

5. Instance and Panoptic Annotation
Fig. 4 shows an example to illustrate the difference be-

tween instance annotation and panoptic annotation on the
COCO dataset. Instance annotation, unlike panoptic anno-
tation, allows overlapping groundtruth masks. For exam-
ple, the ‘person’ mask ignores the existence of the ‘tie’ and
‘bottle’ masks in the instance annotation, while the ‘per-
son’ mask has occlusions caused by other instances in the
panoptic annotation.

We notice that all top-down methods based on Mask
R-CNN [5] use the instance annotation [8, 7, 12] when
trained on COCO, while bottom-up methods [13] including
our Panoptic-DeepLab use the panoptic annotation on all
datasets.

6. More Visualization
We provide more visualization results of our Panoptic-

DeepLab in Fig. 5, Fig. 6, and Fig. 7.
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Figure 5. Visualization of Panoptic-DeepLab with Xception-71 on Cityscapes val set. Only single scale inference is used and the model
achieves 63.0% PQ. The first row is panoptic prediction and the second row is instance prediction.



Figure 6. Visualization of Panoptic-DeepLab with Xception-71 on Mapillary Vistas val set. Only single scale inference is used and the
model achieves 37.7% PQ. The first row is panoptic prediction and the second row is instance prediction.



Figure 7. Visualization of Panoptic-DeepLab with Xception-71 on COCO val set. Only single scale inference is used and the model
achieves 39.7% PQ. The first row is panoptic prediction and the second row is instance prediction.


