
Domain Adaptation for 
Semantic Segmentation with 

Maximum Squares Loss

ICCV 2019



Introduction

• Real-world datasets with pixel-wise semantic labels demand an 
enormous amount of manual annotation work.

• Utilize synthetic datasets - the model trained on the synthetic dataset 
cannot generalize well to real-world examples via direct transfer.

• Unsupervised domain adaptation (UDA): 
 labeled synthetic dataset - source domain
 unlabeled real-world dataset - target domain
 utilize the unlabeled data from the target domain to help minimize 

the performance gap between these two domains.

• Because of this “curse of dataset annotation”, real-world datasets for 
semantic segmentation often contain only a small number of samples.



UDA

Entropy Minimization

Objective:



Probability Imbalance Problem

the gradient of the entropy 
minimization method (H) is 
focused on well-classified 
samples in the target domain

From GTA5 to Cityscapes, the 
mean of prediction probability v.s. 
Intersection over Union(IoU) for 
each target class.



Maximum Squares Loss



Interpretation from f-divergence View
• The target part loss ℒ𝑇𝑇(𝑥𝑥𝑡𝑡) can be 

treated as the distance between 
the model prediction distribution 
𝑝𝑝𝑛𝑛,𝑐𝑐 and uniform distribution: 𝒰𝒰 = 1
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Image-wise Class-balanced Weighting Factor

classes with higher accuracy always have more pixels on the label map, 
which leads to an imbalance in quantity



Experiment

 Classification: 
• Datasets: Amazon (A), Webcam (W) and DSLR (D) 
• Transfer tasks: A->W, D->W, W->D, A->D, D->A and W->A.
• Model: ResNet50 pre-trained on ImageNet

 Segmentation:
• synthetic datasets to real-world: 

GTA5->Cityscapes, SYNTHIA->Cityscapes
• cross-city adaptation: Cityscapes->NTHU
• Model: Deeplabv2 with ResNet-101 backbones pre-trained on ImageNet



Classification

A->W



Segmentation



Segmentation



Segmentation



Conclusion 

• Demonstrate the probability imbalance problem when applying the 
entropy minimization method to UDA for semantic segmentation.

• Propose maximum squares loss: prevent easy-to-transfer classes 
from dominating the training on the target domain.

• For class imbalance in the target domain, propose class weighting 
factor, based on the prediction quantity of each class.


	Domain Adaptation for �Semantic Segmentation with �Maximum Squares Loss
	Introduction
	UDA
	Probability Imbalance Problem
	Maximum Squares Loss
	Interpretation from f-divergence View
	Image-wise Class-balanced Weighting Factor
	Experiment
	Classification
	Segmentation
	Segmentation
	Segmentation
	Conclusion 

