Leveraging Auxiliary Tasks with Affinity Learning for
Weakly Supervised Semantic Segmentation

-Supplementary Material-

1. Detailed Quantitative Results

We present per-class segmentation results in terms of
IoU on both the val and test sets of PASCAL VOC, and
the val set of MS COCO in Table 1, Table 2 and Table 4, re-
spectively. These quantitative results indicate that the pro-
posed AuxSegNet outperforms other state-of-the-art meth-
ods on most class categories, further demonstrating the su-
perior performance of the proposed approach.

Table 3 shows ablation studies based on the per-class
segmentation IoU on the PASCAL VOC val set. We ob-
serve that leveraging multi-task auxiliary learning brings a
significant improvement of 3.9% in terms of mloU, com-
pared to the baseline method which uses the raw CAM maps
to generate pseudo segmentation labels and trains a single-
task model for semantic segmentation. By learning cross-
task affinities to refine both task-specific representations
and predictions, the proposed AuxSegNet attains a further
performance gain of 3.3%. In addition, iteratively learning
the entire network with updated pseudo labels refined by
the learned cross-task affinities gives another performance
boost of 2%. As a result, the accuracy of most class cat-
egories is significantly improved, leading to an overall in-
crease of 9.2% in mloU. This quantitatively demonstrates
the effectiveness of our proposed method.

2. Additional Qualitative Results

More examples of qualitative segmentation results of our
proposed method on the val sets of PASCAL VOC and MS
COCO datasets are shown in Figure 1 and 2, respectively.
These results show that our method can achieve satisfactory
segmentation performance on various challenging scenes
with a robust prediction of details.

We present more examples of CAM maps which are used
to generate segmentation pseudo labels for each training
stage (s=0,1,2,3) on PASCAL VOC and MS COCO ftrain
sets as shown in Figure 3 and Figure 4, respectively. The
raw CAM maps without refinement for stage 0 (s=0) only
focus on the local discriminative object regions of large-
scale objects, such as the head and hands of the person or

wheels of the bus. For small-scale objects, the raw CAM
maps tend to over-activate the object regions, resulting in
poor boundaries. In contrast, by using the proposed learned
cross-task affinities for refinement, the resulted CAM maps
(s=1) cover more object regions including those less dis-
criminative ones for large-scale objects. These CAM maps
are also better aligned with the boundaries of small-scale
objects. Furthermore, with a few more stages of affinity
learning and label updating (s=2,3), the refined CAM maps
become more complete with more accurate boundaries.



Table 1. Per-class performance comparison with the state-of-the-art WSSS methods in terms of IoUs (%) on the PASCAL VOC val set.
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DSRG [7] - - - - - - - - - - - - - - - - - - - - - 61.4
MCOF [13] 87.0 78.4 29.4 68.0 44.0 67.3 80.3 74.1 82.2 21.1 70.7 28.2 73.2 71.5 67.2 53.0 47.7 74.5 32.4 71.0 45.8 60.3
AffinityNet [1] 88.2 68.2 30.6 81.1 49.6 61.0 77.8 66.1 75.1 29.0 66.0 40.2 80.4 62.0 70.4 73.7 42.5 70.7 42.6 68.1 51.6 61.7
SeeNet [0] - - - - - - - - - - - - - - - - - - - - - 63.1
FickleNet [10] 89.5 76.6 32.6 74.6 51.5 71.1 83.4 74.4 83.6 24.1 734 474 78.2 74.0 68.8 73.2 47.8 799 37.0 57.3 64.6 64.9
OAAT [8] - - - - - - - - - - - - - - - - - - - - - 65.2
Zeng et al. [15] 90.0 77.4 37.5 80.7 61.6 67.9 81.8 69.0 83.7 13.6 79.4 23.3 78.0 75.3 71.4 68.1 352 78.2 32.5 75.5 48.0 63.3
CIAN [5] 88.2 79.5 32.6 75.7 56.8 72.1 85.3 72.9 81.7 27.6 73.3 39.8 76.4 77.0 74.9 66.8 46.6 81.0 29.1 60.4 53.3 64.3
Zhang et al. [16] 87.9 75.9 31.7 78.3 54.6 62.2 80.5 73.7 71.2 30.5 67.4 409 71.8 66.2 70.3 72.6 49.0 70.7 38.4 62.7 58.4 62.6
Luoetal [11] 88.6 64.1 354 78.8 50.8 61.0 85.8 77.7 84.6 26.7 75.2 40.8 79.1 77.4 76.0 70.4 48.3 69.2 39.0 69.9 58.3 64.5
Chang et al. [3] 88.8 51.6 30.3 82.9 53.0 75.8 88.6 74.8 86.6 32.4 79.9 53.8 82.3 78.5 70.4 71.2 40.2 78.3 42.9 66.8 58.8 66.1
ICD [4] - - - - - - - - - - - - - - - - - - - - - 67.8
Araslanov et al. [2] 88.7 70.4 35.1 75.7 519 65.8 71.9 64.2 81.1 30.8 73.3 28.1 81.6 69.1 62.6 74.8 48.6 71.0 40.1 68.5 64.3 62.7
SEAM [14] 88.8 68.5 33.3 85.7 404 67.3 789 76.3 81.9 29.1 75.5 48.1 79.9 73.8 71.4 752 48.9 79.8 40.9 58.2 53.0 64.5
Zhang et al. [18] 90.4 85.6 38.9 78.9 62.0 734 83.7 74.3 82.9 25.8 77.8 30.1 81.1 79.3 76.1 73.9 38.6 85.0 32.7 72.8 55.7 66.6
Sun et al. [12] - - - - - - - - - - - - - - - - - - - - - 66.2
CONTA [17] - - - - - - - - - - - - - - - - - - - - - 66.1

AuxSegNet(Ours) 91.7 82.5 38.2 84.3 67.4 76.7 85.0 79.8 90.7 24.5 81.2 22.7 86.7 78.7 76.0 82.2 37.9 86.4 39.3 75.6 61.0 69.0

Table 2. Per-class performance comparison with the state-of-the-art WSSS methods in terms of IoUs (%) on the PASCAL VOC fest set.
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DSRG [7] - - - - - - - - - - - - - - - - - - - - - 632
MCOF [13] 88.2 80.8 31.4 70.9 349 65.7 83.5 75.1 79.0 22.0 70.3 31.7 77.7 72.9 77.1 56.9 41.8 749 36.6 71.2 42.6 61.2
AffinityNet [1] 89.1 70.6 31.6 77.2 42.2 68.9 79.1 66.5 74.9 29.6 68.7 56.1 82.1 64.8 78.6 73.5 50.8 70.7 47.7 63.9 51.1 63.7
SeeNet [0] - - - - - - - - - - - - - - - - - - - - - 62.8
FickleNet [10] 89.8 78.3 34.1 734 41.2 67.2 81.0 77.3 81.2 29.1 72.4 472 76.8 76.5 76.1 72.9 56.5 82.9 43.6 48.7 64.7 65.3
OAAT[8] e o
Zeng et al. [15] 90.4 85.4 37.9 77.2 48.2 64.5 83.9 74.8 83.4 159 72.4 34.3 80.0 77.3 78.5 69.0 41.9 76.3 38.3 72.3 48.2 64.3
CIAN [5] - - - - - - - - - - - - - - - - - - - - - 653
Zhang et al. [16] 87.8 77.5 30.8 71.7 36.0 64.2 75.3 70.4 81.7 29.3 70.4 52.0 78.6 73.8 74.4 72.1 542 75.2 50.6 42.0 52.5 62.9
Luoetal [11] - - - - - - - - - - - - - - - - - - - - - 646
Chang et al. [3] - - - - - - - - - - - - - - - - - - - - - 65.9
ICD[4] - - - - - - - - - - - - - - - - - - - - - 68.0
Araslanov et al. [2] 89.2 73.4 37.3 68.3 45.8 68.0 72.7 64.1 74.1 32.9 749 39.2 81.3 74.6 72.6 75.4 58.1 71.0 48.7 67.7 60.1 64.3
SEAM[ 14] - - - - - - - - - - - - - - - - - - - - - 657
Zhang et al. [18] 90.7 85.9 37.3 82.5 50.5 64.8 83.1 77.6 82.8 28.4 76.8 34.6 81.2 82.9 80.5 73.6 43.9 85.7 32.0 71.7 55.2 66.7
Sun et al. [12] - - - - - - - - - - - - - - - - - - - - - 669
CONTA [17] - - - - - - - - - - - - - - - - - - 66.7

AuxSegNet(Ours) 91.6 85.1 39.4 80.0 51.4 69.9 81.4 79.9 86.5 26.6 75.3 29.7 81.7 83.6 78.0 83.1 56.1 84.5 39.8 77.2 60.9 68.6

Table 3. Segmentation results of our proposed method in terms of IoUs (%) on the PASCAL VOC val set. MT, CT and IL denote the
proposed multi-task auxiliary learning, cross-task affinity learning and iterative learning, respectively. No post-processing steps are used
in these ablation analysis.
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Baseline 86.6 60.0 30.8 67.5 50.8 554 733 70.7 71.8 240 632 23.1 639 604 669 69.6 339 684 315 645 578 569
AuxSegNet (MT) 88.6 703 345 741 549 603 775 73.1 73.1 252 658 265 69.5 643 715 729 363 722 326 704 60.6 60.8

AuxSegNet (MT+CT) 90.1 745 383 77.5 60.0 66.6 82.0 76.6 82.1 26.7 703 232 76.1 67.1 76.0 756 389 77.8 345 712 61.1 64.1
AuxSegNet MT+CT+IL) 91.0 804 382 79.0 65.1 71.5 828 782 87.5 253 739 183 83.0 71.0 754 79.2 389 78.1 36.5 739 614 66.1
Overall Improvement +4.4 +20.4 +7.4 +11.5 +14.3 +16.1 +9.5 +7.5 +15.7 +1.3 +10.7 -4.8 +19.1 +10.6 +8.5 +9.6 +5.0 +9.7 +5.0 +9.4 +3.6 +9.2




Table 4. Per-class performance comparison with the state-of-the-art WSSS methods in terms of IoU(%) on the MS COCO val set.

Class SEC DSRG Luoetal. Ours | Class SEC DSRG Luoetal. Ours
(V] (7] (1] (V] [7] (1]
background 743  80.6 73.9 82.0 | wine class 223 240 27.2 32.1
person 43.6 - 48.7 654 | cup 179 204 21.7 29.3
bicycle 242 304 45.0 43.0 | fork 1.8 0.0 0.0 54
car 159 221 31.5 34.5 | knife 1.4 5.0 0.9 1.4
motorcycle 52.1 542 59.1 66.2 | spoon 0.6 0.5 0.0 14
airplane 36.6 452 26.9 60.3 | bowl 125 188 7.6 19.5
bus 377 387 524 63.1 | banana 43.6 464 52.0 46.9
train 30.1 332 42.4 57.3 | apple 23.6 243 28.8 40.4
truck 241 259 36.9 38.9 | sandwich 22.8 245 374 394
boat 173 20.6 23.5 30.1 | orange 443 412 52.0 52.9
traffic light 16.7  16.1 13.3 40.4 | broccoli 36.8 357 33.7 36.0
fire hydrant 559 604 45.1 72.7 | carrot 6.7 15.3 29.0 13.9
stop sign 484 510 43.4 40.3 | hot dog 312 249 38.8 46.1
parking meter 25.2  26.3 335 59.8 | pizza 509  56.2 69.8 62.0
bench 164 223 26.3 16.0 | donut 32.8 342 50.8 43.9
bird 347 415 29.9 61.0 | cake 12.0 6.9 37.3 30.6
cat 572 622 62.1 68.6 | chair 7.8 9.7 10.7 114
dog 452 556 57.5 66.9 | couch 5.6 17.7 9.4 14.5
horse 344 423 40.7 55.6 | potted plant 6.2 14.3 21.8 2.1
sheep 403 471 54.0 61.4 | bed 234 324 34.6 20.5
cow 414 493 47.2 60.7 | dining table 0.0 3.8 1.1 9.5
elephant 629 67.1 64.3 76.1 | toilet 385 436 43.8 57.8
bear 59.1 62.6 58.9 73.0 | tv 192 253 11.5 36.0
zebra 59.8 632 60.7 80.8 | laptop 20.1 211 37.0 352
giraffe 48.8 543 45.1 71.6 | mouse 35 0.9 0.0 134
backpack 0.3 0.2 0.0 11.3 | remote 17.5  20.6 37.2 23.6
umbrella 26.0 353 46.1 35.0 | keyboard 12.5 12.3 19.0 17.9
handbag 0.5 0.7 0.0 2.2 | cellphone 32.1 33.0 38.1 49.9
tie 6.5 7.0 15.5 14.7 | microwave 8.2 11.2 434 28.7
suitcase 16.7 234 43.6 31.7 | oven 13.7 124 29.2 13.3
frisbee 12.3 13.0 23.2 1.0 | toaster 0.0 0.0 0.0 0.0
skis 1.6 1.5 6.5 8.1 | sink 10.8 178 28.5 21.0
snowboard 53 16.3 10.9 7.6 | refrigerator 4.0 15.5 23.8 16.6
sports ball 7.9 9.8 0.6 28.8 | book 0.4 12.3 26.3 8.7
kite 9.1 17.4 14.0 27.3 | clock 17.8  20.7 13.4 344
baseball bat 1.0 4.8 0.0 2.2 | vase 184 239 27.1 25.9
baseball globe 0.6 1.2 0.0 1.3 | scissors 16.5 17.3 37.0 16.6
skateboard 7.1 14.4 7.6 15.2 | teddy bear 47.0 463 58.9 47.3
surfboard 7.7 13.5 17.6 17.8 | hair drier 0.0 0.0 0.0 0.0
tennis racket 9.1 6.8 38.1 47.1 | toothbrush 2.8 2.0 11.1 14
bottle 132 223 28.4 33.2 | mloU 224 26.0 29.9 339
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Figure 1. Qualitative segmentation results on the PASCAL VOC val set.
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Figure 2. Qualitative segmentation results on the MS COCO val set.



Figure 3. Visualization of CAM maps with iterative improvements on the PASCAL VOC frain set. (Only the CAM map of the dominant
class is shown for each input image.)



Figure 4. Visualization of CAM maps with iterative improvements on the MS COCO train set. (Only the CAM map of the dominant class
is shown for each input image.)



References

(1]

(2]

(3]

(4]

5]

(6]

(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

[15]

[16]

(17]

Jiwoon Ahn and Suha Kwak. Learning pixel-level semantic
affinity with image-level supervision for weakly supervised
semantic segmentation. In CVPR, 2018. 2

Nikita Araslanov and Stefan Roth. Single-stage semantic
segmentation from image labels. In CVPR, 2020. 2
Yu-Ting Chang, Qiaosong Wang, Wei-Chih Hung, Robinson
Piramuthu, Yi-Hsuan Tsai, and Ming-Hsuan Yang. Weakly-
supervised semantic segmentation via sub-category explo-
ration. In CVPR, 2020. 2

Junsong Fan, Zhaoxiang Zhang, Chunfeng Song, and Tieniu
Tan. Learning integral objects with intra-class discrimina-
tor for weakly-supervised semantic segmentation. In CVPR,
2020. 2

Junsong Fan, Zhaoxiang Zhang, Tieniu Tan, Chunfeng Song,
and Jun Xiao. Cian: Cross-image affinity net for weakly
supervised semantic segmentation. In AAAI, 2020. 2

Qibin Hou, PengTao Jiang, Yunchao Wei, and Ming-Ming
Cheng. Self-erasing network for integral object attention. In
NeurlPS, 2018. 2

Zilong Huang, Xinggang Wang, Jiasi Wang, Wenyu Liu, and
Jingdong Wang. Weakly-supervised semantic segmentation
network with deep seeded region growing. In CVPR, 2018.
2,3

Peng-Tao Jiang, Qibin Hou, Yang Cao, Ming-Ming Cheng,
Yunchao Wei, and Hong-Kai Xiong. Integral object mining
via online attention accumulation. In /CCV, 2019. 2
Alexander Kolesnikov and Christoph H Lampert. Seed, ex-
pand and constrain: Three principles for weakly-supervised
image segmentation. In ECCV, 2016. 3

Jungbeom Lee, Eunji Kim, Sungmin Lee, Jangho Lee, and
Sungroh Yoon. Ficklenet: Weakly and semi-supervised seg-
mentation using stochastic inference. In CVPR, 2019. 2
Wenfeng Luo and Meng Yang. Learning saliency-free model
with generic features for weakly-supervised semantic seg-
mentation. In AAAI 2020. 2, 3

Guolei Sun, Wenguan Wang, Jifeng Dai, and Luc Van Gool.
Mining cross-image semantics for weakly supervised seman-
tic segmentation. In ECCV, 2020. 2

Xiang Wang, Shaodi You, Xi Li, and Huimin Ma. Weakly-
supervised semantic segmentation by iteratively mining
common object features. In CVPR, 2018. 2

Yude Wang, Jie Zhang, Meina Kan, Shiguang Shan, and
Xilin Chen. Self-supervised equivariant attention mech-
anism for weakly supervised semantic segmentation. In
CVPR, 2020. 2

Yu Zeng, Yunzhi Zhuge, Huchuan Lu, and Lihe Zhang. Joint
learning of saliency detection and weakly supervised seman-
tic segmentation. In /CCV, 2019. 2

Bingfeng Zhang, Jimin Xiao, Yunchao Wei, Mingjie Sun,
and Kaizhu Huang. Reliability does matter: An end-to-
end weakly supervised semantic segmentation approach. In
AAAI 2020. 2

Dong Zhang, Hanwang Zhang, Jinhui Tang, Xiansheng Hua,
and Qianru Sun. Causal intervention for weakly-supervised
semantic segmentation. In NeurIPS, 2020. 2

[18] Tianyi Zhang, Guosheng Lin, Weide Liu, Jianfei Cai, and

Alex Kot. Splitting vs. merging: Mining object regions with
discrepancy and intersection loss for weakly supervised se-
mantic segmentation. In ECCV, 2020. 2



