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1. Network Architecture

As described in the main paper, our segmentation net-
work adopts a coarse-to-fine structure similar to [2]. In
overall, it consists of a CoarseNet for coarse prediction, and
a FineNet that aims at recovering the missing boundary de-
tails. We also append a lightweight refinement branch to
accept the additional user inputs for interactive refinement.
The overall architecture is depicted in Figure 1. The details
of each subnetwork will be illustrated below.

1.1. CoarseNet

The CoarseNet employs a feature pyramid-style struc-
ture [9]. Specifically, it takes ResNet [7] as its backbone,
with the global average pooling and FC layers removed. To
avoid excessive loss in details due to downsampling, we
set the stride and dilation rate of the last block in ResNet
(Conv5) to 1 and 2, respectively. In addition, we also ap-
pend a PSP module [14] (Figure 1(b)) after Conv5 to enrich
its representation with global contextual information. At
each decoder stage, the features are progressively upsam-
pled, followed by a 1 × 1 conv layer before being fused
with the features from earlier layers via concatenation. Fi-
nally, we also introduce an auxiliary classifier at each level
and apply side losses as a form of deep supervision [14, 15].

1.2. FineNet

The FineNet fuses the information across different levels
in the CoarseNet via upsampling and concatenation opera-
tions. We apply more residual blocks (Figure 1(c)) for fea-
tures at deeper layers following the same idea in [2]. Lastly,
another residual block is applied, followed by a 3×3 conv
layer before producing the final segmentation output.
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1.3. Refinement branch

Our IOG approach also allows additional clicks input
for further refinement if the user is not satisfied with the
current segmentation result. To achieve this, we append a
lightweight refinement branch consisting of 5 conv lay-
ers before the PSP module. In particular, the refinement
branch takes in the two-channel Gaussian heatmaps whose
resolution is the same as the input image (512 × 512). To
match the input size of the features before the PSP module
(32×32), we set the stride rate of the first three conv layers
to 2. Then, the features are concatenated with the features
extracted from the backbone ResNet (Conv5).

Note that we do not update the inputs for the CoarseNet,
i.e. the CoarseNet always takes the same 3 clicks (aug-
mented with the RGB image) as inputs while the refine-
ment branch takes all the clicks input. Given this setting,
the encoder features (from Conv1 to Conv5 in ResNet)
only needs to be computed once, thus making the refine-
ment process very fast. Furthermore, as discussed in our
main paper, this setting also performs better than modifying
the inputs for the CoarseNet.

2. More qualitative results
Due to space constraints, we only managed to show a

few qualitative results in our main paper. Here, we would
like to present more qualitative examples. Furthermore, we
also recommend our readers to watch the videos in the sup-
plementary materials where a real-time demo is recorded.

2.1. General scenes

Figure 2 and 3 show some qualitative results of our IOG
on the PASCAL [5] and COCO [10] dataset. In Figure 2,
we can see that our IOG performs well even on challenging
scenes, such as occlusion (2nd row, 1st column), complex
background (4th row, 4th column) and presence of small ob-
jects (1st row, 3rd column and 4th row, 2nd column). Simi-
lar observation can be made in Figure 3.
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2.2. Cross-domain performance

In addition to the results presented in the main pa-
per, we show more qualitative results of our proposed
IOG on different imagery types, including street scenes
(Cityscapes [4]), aerial imagery (Rooftop [13]) and medi-
cal images (ssTEM [6]). The results are shown in Figure
4. Despite not trained on those dataset before, our IOG of-
ten produces good segmentation results even without fine-
tuning, demonstrating the superior generalization ability of
our method. In addition, we also present some qualitative
results of our IOG on the more challenging Agriculture-
Vision dataset [3]. As shown in Figure 4, our model still
achieves satisfactory performance when using only small
amounts of data for fine-tuning. Moreover, we also provide
some qualitative results of our IOG fine-tuned on PASCAL-
Context [11] and COCO-Stuff [1] dataset in Figure 5 and
6. The results suggests that our proposed IOG not only per-
forms well in segmenting “things”, but also generalizes well
to “stuff” categories such as buildings, ground, wall etc.,
demonstrating its effectiveness as an annotation tool.

2.3. Interactive refinement

As described previously in the main paper, our proposed
IOG naturally supports annotation of extra clicks for further
refinement. Here, we also show some examples of the inter-
active refinement process given more clicks from the user.
As shown in Figure 7, the interactive correction process is
very efficient in correcting the erroneous regions.

2.4. Comparison with “Object Selection Tool” from
Photoshop CC

We also compare our IOG with the latest “object selec-
tion tool” from Photoshop CC 2020. Interestingly, our IOG
performs better than “object selection tool” when there are
overlapping instances, such as the birds (1st column of top
row) and kangaroos (3rd column of top row) in Figure 8.

2.5. Extension to datasets with box annotations

In the main paper, we have discussed a potential appli-
cation of our IOG where it can be used for harvesting high-
quality instance masks from existing datasets with off-the-
shelf bounding box annotations, such as ImageNet [12] and
Open Image [8]. Some qualitative results are visualized in
Figure 9 and 10. Note that our IOG performs well even
when segmenting instances from unseen classes, such as
tire, starfish, snail etc.
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Figure 1. Overall network architecture of our segmentation network.



Figure 2. Qualitative results on PASCAL.

Figure 3. Qualitative results on COCO.



Figure 4. Cross-domain performance. Qualitative results of our IOG on street scenes (top), aerial imagery (middle), medical images
(bottom left) and Agriculture-Vision (bottom right).



Figure 5. Qualitative results on PASCAL-Context.

Figure 6. Qualitative results on COCO-Stuff.
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Figure 7. Interactive refinement. The red and green clicks denote the foreground and background clicks, respectively.



Figure 8. Qualitative comparison between “object selection tool” from Photoshop CC 2020 (top) and our IOG (bottom). Note that
the test images are taken from the internet.

Figure 9. Qualitative results on ImageNet using our proposed 2-stage approach. Note that only bounding box annotations are provided.
Please refer to our main paper for more details.



Figure 10. Qualitative results on Open Image using our proposed 2-stage approach. Note that only bounding box annotations are
provided. Please refer to our main paper for more details.


