
A summary of signal supervision approach



2

• Deep learning is a black box to human
• We can mainly design three parts:

• format of network input and output
• network structure
• loss function

• How can we improve the performance of model?
• most of the experiences are obtained from classification, detection and 

segmentation field



3

1. Introduction
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• use more data to feed the model
• search for better hyper parameters
• data augmentation

• flip
• Gaussian noise
• random crop
• rotate
• …
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• bigger batch size
• useful for segmentation (batch size 

is hard to be very big due to the 
limitation of GPU memory)

• not always beneficial to performance

• important for segmentation
• bigger image size
• longer time training

[1] Classification task: 
ImageNet top-1 validation error vs. minibatch size. 

[1] Goyal, Priya, et al. "Accurate, large minibatch sgd: Training imagenet in 1 hour." arXiv preprint arXiv:1706.02677 (2017).
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• OHEM [2]: Online Hard Example Mining
• proposed in object detection field
• automatically pick up hard examples in dataset and learn them for 

much more times

[2] Comparison of training with and without OHEM strategy
“Ours” means the same network trained with OHEM

[2] Shrivastava, Abhinav, Abhinav Gupta, and Ross Girshick. "Training region-based object detectors with online hard example mining." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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• Better backbone:
• VGG16 → ResNet 50 → ResNet 101 → ResNext 101

→ ResNext 101 + FPN [3]
• Not always useful:

• complexity of model vs. complexity of problem and dataset

• model:
• too complex: easy to overfit
• too simple: hard to capture the discriminating feature (underfit)

[3] Lin, Tsung-Yi, et al. "Feature pyramid networks for object detection." Proceedings of the IEEE conference on computer vision and pattern recognition. 2017.
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1. From different branches [4]:
• example: amodal instance segmentation: predict visible and invisible 

region of object
• predict visible mask, amodal mask, and occlusion mask through 

subtraction of the former two masks
• compute the loss of three masks

[4] Follmann, Patrick, et al. "Learning to see the invisible: End-to-end trainable amodal instance segmentation." 2019 IEEE Winter Conference on Applications of Computer Vision (WACV). IEEE, 2019.
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2.  From different stages [5]:
• example: (video tracking) use cycle-consistency in time and track along 

the sequence to be self-supervised

[5] Wang, Xiaolong, Allan Jabri, and Alexei A. Efros. "Learning correspondence from the cycle-consistency of time." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2019.
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• Use ground truth in multi-stage 
• compute loss with gt in multi-stage
• ensure each stage to be more correct

• example 1: PSPNet [6], semantic segmentation

image feature 
extractor

segmentation 
head prediction

aux loss lossfinal loss = 0.4 * +
* [8] not beneficial when directly applied to all layers

[6] Zhao, Hengshuang, et al. "Pyramid scene parsing network." Proceedings of the IEEE conference on computer vision and pattern recognition. 2017.
[8] He, Jianzhong, et al. "Bi-Directional Cascade Network for Perceptual Edge Detection." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2019.
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• Use ground truth in multi-stage 
• compute loss with gt in multi-stage
• ensure each resolution to be more 

correct
• example 2: LapSRN [7], image 

super-resolution

[7] Lai, Wei-Sheng, et al. "Deep laplacian pyramid networks for fast and accurate super-resolution." Proceedings of the IEEE conference on computer vision and pattern recognition. 2017.
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• Use ground truth in multi-stage 
• compute loss with gt in multi-stage
• ensure feature of each block to be more correct

• example 3: BDCN [8], edge detection

[8] He, Jianzhong, et al. "Bi-Directional Cascade Network for Perceptual Edge Detection." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2019.
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Amodal instance segmentation field
• traditional amodal instance segmentation methods only use amodal 

mask as ground truth
• SLN [9] first propose to use relative depth of instances as new supervision 

signal. 
• relative depth is annotated in dataset, but no one checked before

[9] Zhang, Ziheng, et al. "Learning Semantics-aware Distance Map with Semantics Layering Network for Amodal Instance Segmentation." arXiv preprint arXiv:1905.12898 (2019).
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Semi-supervised segmentation in medical image
• use “target size” of target segmentation mask as new supervision for 

unlabeled images

gt full-supervision w/o size with size

more clues

position and count 
of target center

false positive

[10] Kervadec, Hoel, et al. "Curriculum semi-supervised segmentation." arXiv preprint arXiv:1904.05236 (2019).



16

Knowledge Distillation [11] 
• Different from use gt to 

supervise inner layer features
• Teacher network is more 

complex, student network is 
simpler

• use inner layer features of 
teacher to supervise student

[11] Liu, Yifan, et al. "Structured Knowledge Distillation for Semantic Segmentation." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2019.
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• Deep learning network is smart and lazy. Sometimes it will 
achieve the goal in some way unexpected：

• [12] Russian tank problem: the images of Russian tanks are blurrier 
than American tanks, and classifier is learning whether the image is 
blurry

• More supervision signal means more distinct and specific 
demands are delivered to network

• Mining and constructing new relationships as supervision to be 
utilized is important

[12] https://www.scientificamerican.com/article/how-a-machine-learns-prejudice/
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