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1. Network Architecture for GSN and LRN

We present the detailed network architecture of Global Semantic Network (GSN) and Local Refinement Network (LRN)
as follows. The unique layers for LRN are shown in red.

Layer | Layer type Input Filter size | Stride | Zero-Padding | Dilation rate | Output | Output channel
1 Conv+Relu Image 3x3 1 1 - Convl-1 64
2 Conv+Relu Convl-1 3 %3 1 1 - Conv1-2 64
3 Max-Pool Convl-2 2% 2 2 0 - Pooll 64
4 Conv+Relu Pooll 3x3 1 1 - Conv2-1 128
5 Conv+Relu Conv2-1 3x3 1 1 - Conv2-2 128
6 Max-Pool Conv2-2 2 x 2 2 0 - Pool2 128
7 Conv+Relu Pool2 3x3 1 1 - Conv3-1 256
8 Conv+Relu Conv3-1 3x3 1 1 - Conv3-2 256
9 Conv+Relu Conv3-2 3x3 1 1 - Conv3-3 256
10 Max-Pool Conv3-3 2x 2 2 0 - Pool3 256
11 Conv+Relu Pool3 3x3 1 1 - Conv4-1 512
12 Conv+Relu Conv4-1 3x3 1 1 - Conv4-2 512
13 Conv+Relu Conv4-2 3x3 1 1 - Conv4-3 512
14 Max-Pool Conv4-3 2% 2 2 0 - Pool4 512
15 Conv+Relu Pool4 3x3 1 1 - Conv5-1 512
16 Conv+Relu Conv5-1 3x3 1 1 - Conv5-2 512
17 Conv+Relu Conv5-2 3x3 1 1 - Conv5-3 512
18 Conv+Relu Conv5-3 3x3 1 1 1 ASPP-5-1 32
19 Conv+Relu Conv5-3 3x3 1 3 3 ASPP-5-3 32
20 Conv+Relu Conv5-3 3x3 1 5 5 ASPP-5-5 32
21 Conv+Relu Conv5-3 3x3 1 7 7 ASPP-5-7 32

ASPP-5-1
22 Concat iggg:gg - - - - Concatl 128
ASPP-5-7
23 Conv+Relu Concatl 3x3 1 1 - Conv5-S 2
24 | Deconv+Relu | Conv5-S 4 x4 2 1 - UpMapl 2
25 Conv+Relu Conv4-3 3x3 1 1 1 ASPP-4-1 32

*Corresponding author.



Layer | Layer type Input Filter size | Stride | Zero-Padding | Dilation rate | Output | Output channel
26 Conv+Relu Conv4-3 3x3 1 3 3 ASPP-4-3 32
27 Conv+Relu Conv4-3 3x3 1 5 5 ASPP-4-5 32
28 Conv+Relu Conv4-3 3x3 1 7 7 ASPP-4-7 32
ASPP-4-1

29 Concat ﬁgﬁgj:g - - - - Concat2 128
ASPP-4-7

30 Conv+Relu Concat2 3x3 1 1 - Conv4-S 2

31 Elt-Sum Sgij[’:psl - - - - FuseMap! 2

32 Concat FuseMap : - - - - Concat3 2
Guidancel

33 Conv+Relu Concat3 3x3 1 1 - Mapl 2

34 | Deconv+Relu Mapl 4x4 2 1 - UpMap2 2

35 Conv+Relu Conv3-3 3x3 1 1 1 ASPP-3-1 32

36 Conv+Relu Conv3-3 3x3 1 3 3 ASPP-3-3 32

37 Conv+Relu Conv3-3 3x3 1 5 5 ASPP-3-5 32

38 Conv+Relu Conv3-3 3x3 1 7 7 ASPP-3-7 32
ASPP-3-1

39 Concat iggg:g:g - - - - Concat4 128
ASPP-3-7

40 Conv+Relu Concat4 3x3 1 1 - Conv3-S 2

41 Elt-Sum SSIICII;E - - - - FuseMap2 2
FuseMap?2

42 Concat Gui danci ) - - - - Concat5 2

43 Conv+Relu Concat5 3x3 1 1 - Map?2 2

44 Deconv Map2 8 x 8 4 2 - UpMap3 2

45 SoftMax UpMap3 — - - - SalMap 2

2. Shape complexity for different datasets

To evaluated shape complexity, we adopt a kind of area-perimeter approach. Intuitively, the ratio of area to perimeter can
reflect the shape complexity to some extend. A region with longer perimeter and smaller area has more complex boundaries.
This type of region is more challenging in dense prediction tasks. Although straightforward, this simplistic ratio suffers from
the fact that the measure varies when shape size changes. C7pq [[7] can largely remedy this problem and has become one of

the most widely accepted metrics of this class. This metric can be formulated as:

Crpq =

47 A
P2

Table|l|shows quantitative comparisons with other datasets in term of Crpg .

Dataset

HRSOD-Test

HRSOD-TR

DUTS-Test

DUTS-TR | ECSSD

HKU-IS

PASCAL-S

THUR | THUS

Crpg

0.028

0.034

0.028

0.023 0.062

0.042

0.035

0.040 | 0.072

Table 1. The C;pq scores of different datasets (smaller is better).




3. Detailed algorithm for APS
More details about APS are shown in Algorithm [T}

Algorithm 1 Attended Patch Sampling.

Input: RGB image I;, ground truth label L;, base cropping size D.

Output: RGB patch set { P1i}M_,  oround truth patch set { PLi}M_

m=1>
1: Generate attention map A; from F;.
2: N, =[w/D]+n
3:fort=1,...,N,+1do
4 C=D+r
50 Xy=min{Xr+ (t—1) x [w/N,|,Xr}
6: YV ={y|A(Xy,y) =1}
7. Dy = max{Y} - min{Y'}
8: if D, < 0.5xC then
9: Randomly generate ay € Y and a, < X, ay <y
10: elseif 0.5 x C' < D, < C then
11: az(1) < Xi, ay(1) «+ min{Y'}
12: ag(2) « Xt,ay(2) < maz{Y'}
13:  elseif D, > C then
14: N, =[D,/C]

15: d = [Dy,/Ny]

16: fort,=1,...,N,+ 1do

17: ag(ty) + Xy

18: ay(ty) < min{min{Y} +d x (t, — 1), maz{Y }}
19: end for

20:  end if

21:  Taking C as cropping size, (a.(j), ay (j))'j]:1 as center pixels, crop {Pj[i
tively (J is the actual number of sampled pixels according to the size of D,.).

22: end for

J
Jj=1

and {PjLi 'j]:1 from I; and L;, respec-

4. Quantitative Comparison

We choose two high-resolution datasets (i.e., HRSOD-Test and DAVIS-S) and three widely used benchmark datasets (i.e.,
THUR [2], HKU-IS [4]], and DUTS [8])) to evaluate all methods. We compare PR curves, F-measures curves and F-measure
scores with 9 state-of-the-art deep learning-based methods, including RFCN [9]], DHS [5]], UCF [[13], Amulet [12]], NLDF [6],

DSS [3], RAS [[1] DGF [11] and DGRL [10]:
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5. Visual Comparison

We present qualitative results of our method and other 9 state-of-the-art methods on 2 high-resolution datasets: HRSOD-
Test and DAVIS-S.These results are better to be viewed by zooming in.

133333333333
INGONNRGHENN
T XYY
Anannnnnnnn
AV Vv VIYY|V]v¥|vv

[n |82 w2 4412 |1 |2
Hﬂﬂﬂﬂﬂ“ﬂ

V VAN
gl i bl e

' 'Image RFCN DH Amulet NLDF DGRL Ours
Figure 1. HRSOD-Test dataset
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Figure 2. DAVIS-S dataset
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