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1 INTRODUCTION

In this supplementary material, we provide further ablation studies
and additional comparison experiments to demonstrate the effec-
tiveness of our methods. Specifically, in Sec. 2, we analyze the
impact of different hyperparameter designs and conduct further
ablation studies to demonstrate the superiority of our modules. Sec.
3 will present an attribute-based analysis experiment. Sec. 4 sup-
plements the quantitative and qualitative comparison under SOD
and COD tasks mentioned in the main paper.

2 MORE ABLATION STUDY

In our proposed Lightweight Multi-Scale Adapter (LMSA), we use
Global Average Pooling (GAP) to obtain different scales of the fea-
tures. We also introduce local information to features to address
the shortcomings of the Vision Transformer. In this Section, we
conduct experiments on different scale sizes of LMSA and whether
to introduce local information in MDSAM. The experiments were
conducted under the fully designed MDSAM and the input resolu-
tion of the model is set to 512 X 512.

Size of Scale. As shown in Table 1, indicated by (a) and (b), as
well as (d) and (e), under the same local information conditions, the
change in scale size has a very small impact on the results as long
as it is multi-scale. Table 1’s (c) and (e) demonstrate that multi-scale
performs better than single-scale. Figure 1 demonstrates that, com-
pared to the single-scale setting (c), the multi-scale settings (d) and
(e) can more accurately detect objects in complex scenes. Therefore,
the scale size setting of LMSA only needs to maintain multi-scale,
without the need for specific values.

Effectiveness of Local Information. We conduct experiments
on using the original design of PPM from PSPNet [5], which is (a)
in Table 1. Compared to the original PPM, it can be observed that
with the introduction of local information, the model’s performance
has significantly improved. Additionally, as shown in Table 1’(b)
and (e, the presence of local information, MDSAM exhibits better
performance with the same scale size. Figure 1 illustrates that local
information enables the model to extract more precise features,
resulting in better segmentation.

3 ATTRIBUTE-BASED ANALYSIS

In this section, we provide an attribute-based analysis by evaluating
our proposed method on the challenging SOC [3] dataset. The SOC
test dataset is divided into 9 major categories, which are Appear-
ance Change (AC, 79 images), Big Object (BO, 24 images), Clutter
(CL, 92 images), Heterogeneous Object (HO, 153 images), Motion
Blur (MB, 32 images), Occlusion (OC, 157 images), Out-of-View
(OV, 155 images), Shape Complexity (SC, 116 images), and Small
Object (SO, 389 images). We compare our MDSAM with 17 methods,
including Amulet [16], DSS [17], NLDF [30], SRM [20], BMPM [11],

Table 1: Ablation studies of different scale sizes and the ef-

fectiveness of local information.

Scale DUTS-TE DUT-OMRON
Method ] Local max max

Size MAE FJio Sy | MAE FPI%* Sy,

(a) 1,2,3,6 | X |0.026 0.927 0.910]0.044 0.865 0.869

(b) 3,6,9,12| x ]0.026 0.928 0.912|0.042 0.872 0.873

() 9,9,9.9| v/ [0.025 0.930 0.916|0.041 0.875 0.873
d) 3,579 v/ (0.024 0.936 0.921(0.039 0.882 0.881

(e) MDSAM|3,6,9,12| v [0.024 0.937 0.920|0.039 0.887 0.878

Image  GT @ ) © @ (0

Figure 1: Visual comparison of the impact of scale size and
effectiveness of local information.

C2SNet [22], DGRL [21], RANet [18], CPD [28], EGNet [7], Pool-
Net [8], SCRN [29], BANet [10], MINet [24], ICON-R [14], DC-Net-
R [9], and full fine-tuned original SAM [1]. As shown in Table 2, our
MDSAM demonstrates superior performance in most scenarios at
resolutions of 512 X 512 and 384 x 384. And they perform averagely
only in the categories AC and BO, which have a small amount of
data. The visualization results of the proposed MDSAM and six
representative state-of-the-art methods are shown in Figure 2. This
demonstrates that current methods struggle to accurately localize
both large and small objects, and the results lack fine-grained de-
tails. Our MDSAM can accurately locate multi-scale targets, and
both edges and details are highly precise.

4 MORE COMPARISON RESULTS

In the main paper, we compared our MDSAM with other methods by
widely used metrics. Here, in Figure 3 and Figure 4, we present the
precision-recall curves and F-measure curves compared to CAGNet-
L [19], TE7 [12], MENet [23], VST [15], SELFREFORMER [27], ICON-
S [14], BBRF [13], DC-Net-S [9] and full fine-tuned original SAM [1]
on five SOD datasets. And we provide more visual comparisons of
them in Figure 5, Figure 6, and Figure 7. In Figure 8 and Figure 9, we
display curves compared to SINet-v2 [4], BSA-Net [6], BGNet [26],
ZoomNet [25], FEDER [2], FSPNet [31] on three COD datasets.
More visual comparisons are shown in Figure 10.
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17 Table 2: Performance comparison between our method and other 17 methods on SOC test datasets in terms of MAE, FE’, Sm, and 175
1s Ep. The best, second best, and third best results are highlighted in red, , and blue, respectively. MDSAM is with a 512 X 512 176
1 input. MDSAM* is with a 384 x 384 input. 177
120 178
121 Amulet DSS NLDF SRM BMPM C25Net DGRL RANet CPD EGNet PoolNet SCRN BANet MINet ICON-R DC-Net-R SAM 179
Attr | Metrics y ) 0. ; . ; " | MDSAM* MDSAM
122 [t6] [17] [30] [20] [11] [22] [21] (18] [28] [7] (81 [29]  [10] (1] [14] [9] [24] 180
MAE 0.120 0.113 0.119 0.096 0.098 0.109 0.081 0.132 0.089 0.085 0.093 0.078 0.086 0.079 0.062 0.078 0.079 0.078
123 AC Fy 0620 0629 0620 0690 0680  0.647 0718 0603 0721 0731 0713 0723 0739  0.930 0768 0757 | 0759 0.764 181
124 Sm 0752 0753 0737 0791 0780 0755 0791 0709 0.799 0.806 0795  0.809  0.806  0.802  0.835 0.821 0.815 0.819 182
125 En 0.790 0.787 0.793 0.824 0.815 0.806 0.853 0.765 0.852 0.854 0.846 0.848 0.858 0.843 0.891 0.867 0.860 0.863 0.868 183
MAE 0.334 0.343 0.341 0.294 0.292 0.257 0.207 0.440 0.236 0.358 0.339 0.217 0.261 0.175 0.200 0.278 0.232 0.264 0.231 :
126 BO F;;’ 0.625 0.628 0.635 0.679 0.683 0.739 0.469 0.755 0.602 0.625 0.784 0.729 0.828 0.699 0.749 0.709 0.758 184
127 Sm 0589 0577 058 0.628 0619  0.667 069 0437 0.679 0546 0578 0707  0.657  0.743 0637  0.684 | 0.658 0.687 185
) Em 0566 0.554 0556 0.630 0635  0.674 0736 0423 0.699 0547 0572 0716 0663  0.769 0641 0703 | 0.681 0.709
128 MAE | 0141 0153 0159 0134 0123 0144 0119 0188 0112 0139 0134 0113 0117 0108  0.113 0112 0.098 0.090 186
129 cL g 0763 0721 0713 0758 0760 0742 0769  0.633 0757 0760 0795 0784 0719  0.736 0746 0772 | 0772 0.777 187
130 Sm 0.763 0.721 0.713  0.758 0.760 0.742 0.769 0.633 0.786 0.757 0.760 0.795 0.784 0.783 0.791 0.798 0.818 0.823 188
Em 0.788 0.763 0.764 0.792 0.801 0.789 0.824 0.715 0.823 0.789 0.800 0.819 0.824 0.819 0.832 0.834 0.847 0.855
131 MAE 0.119  0.124 0.126 0.115 0.116 0.123  0.104  0.143  0.098 0.106 0.100  0.096  0.094  0.089 0.091 0.092 0.087 0.080 189
132 HO Fg 0.688  0.660 0661 069 0684  0.668 0722 0626 0736 0720 0739 0743 0753 0759  0.767 0.761 0.788 0.795 190
1 Sm 0790 0767 0755 0794 0781 0768 0791 0713 0.807 0802 0815 0823 0819 0821  0.823 0.818 0.835 0.842 i
Em 0.809 0.796 0.798 0.819 0.813 0.805 0.833 0.777 0.838 0.829 0.845 0.842 0.850 0.858 0.865 0.848 0.864 0.872 !
134 MAE 0.142 0.132 0.138 0.115 0.105 0.128 0.113 0.139 0.104 0.109 0.121 0.100 0.104 0.105 0.100 0.109 0.091 0.065 192
135 MB F;;' 0.561 0.577 0.551 0.619 0.651 0.593 0.655 0.576 0.655 0.649 0.642 0.690 0.670 0.676 0.699 0.676 0.754 0.779 193
- Sm 0712 0719 0685 0742 0762 0719 0744 069 0753 0762 0751 0792 0764 0761  0.774 0757 0.810 0.834 )
136 Em 0762 0760 0755 0780 0799 0784  0.808 0718 0818 0798  0.800  0.800 0.808 0.821  0.828 0787  0.845 0.870 194
137 MAE | 0143 0144 0149 0.129 0119 0130 0116 0169 0106 0121 0118 0111 0112 0102  0.106 0.102 0.085 195
» oc g 0.607 0595 0593 0.630 0.644  0.622  0.659 0527 0.679 0658 0659  0.673 0677 0686  0.683 0.708 0.728 0.733 o
12 1
Sm 0.735 0.719 0.709 0.749 0.752 0.738 0.747 0.641 0.773 0.754 0.756 0.775 0.766 0.771 0.771 0.787 0.808 0.798 g
139 En 0.762 0.760  0.755 0.780 0.799 0.784 0.808 0.718 0.818 0.798 0.800 0.800 0.808 0.821 0.817 0.824 0.843 0.847 197
140 MAE 0.173 0.180 0.184 0.150 10.360 0.159 0.125 0.217 0.125 0.146 0.148 0.126 0.119 0.117 0.120 0.126 0.110 0.097 198
ov F/‘; 0.637 0.622  0.616  0.682 0.701 0.671 0.733 0.529 0.724 0.707 0.697 0.723 0.751 0.738 0.749 0.738 0.769 0.790
141 Sm 0721 0700 0688 0745 0751 0728 0762 0.611 0765 0752 0747 0774 0779 0775  0.779 0771 0.796 0.811 199
142 Em 0750 0737 0736 0778 0806 0789  0.828 0.664 0.809 0.802 0795 0807 0835 0822  0.834 0814  0.842 0.860 200
" MAE | 0.098 0098 0.0 009 0081  0.00 0087 0110 0076 0083 0075 0078 0078 0077  0.080 0072 0.068 | 0.062 o1
sC FE’ 0.608 0.599 0.593 0.638 0.677 0.611 0.669 0.594 0.701 0.678 0.695 0.691 0.705 0.711 0.714 0.749 0.746 0.772
144 Sm 0.768 0761 0746 0783 0799 0756  0.772 0724 0.807 0793  0.807  0.809 0.807  0.808  0.808 0.826 0.825 0.839 202
145 Em 0793 0798 0787 0812 0840 0805 0837 0791 0848 0.843 0856 0843 0850 0859  0.871 0869  0.866 | 0.882 0.882 203
MAE | 0119 0109 0115 0099 009  0.116 0092 0.113 0084 0098 0087 0082 0091 0820  0.079 0.084  0.079 0.070
146 so Fy 0523 0524 0526 0561 0567 0531  0.602 0518 0613 0594 0626 0614 0617 0624  0.660 0.656 0.676 0.694 204
147 Sm 0.718 0.713  0.703 0.737 0.732 0.707 0.736 0.682 0.756 0.749 0.768 0.767 0.755 0.759 0.778 0.774 0.786 0.798 205
148 En 0.744 0.755 0.747 0.769 0.779 0.751 0.802 0.758 0.806 0.784 0.814 0.796 0.801 0.806 0.835 0.813 0.834 0.847 206
149 207
150 - ) 208
151 | | X X X x 5 5 P 209
152 . 3 210
153 211
154 212
155 213
156 214
157 215
158 216
159 217
160 218
161 219
162 220
163 221
164 222
165 223
166 224
167 Image MDSAM MDSAM* ICON-R MINet RANet SCRN EGNet 225
168 226
169 227
0 Figure 2: Visual comparison of output from our model with 6 representative methods. MDSAM is with a 512 X 512 input -
- resolution, MDSAM* is with a 384 X 384 input resolution. 29
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Figure 3: Precision-Recall curves comparison on five SOD datasets.
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Figure 4: F-measure curves comparison on five SOD datasets.
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Figure 5: Visual comparison of output from our model with 9 representative methods on five SOD datasets.
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Figure 6: Visual comparison of output from our model with 9 representative methods on five SOD datasets.
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Figure 7: Visual comparison of output from our model with 9 representative methods on five SOD datasets.
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Figure 10: Visual comparison of output from our model with 6 representative methods on three COD datasets.
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