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Instance Adaptive Self-Training for Unsupervised Domain Adaptation

Abstract

The divergence between labeled training data and unlabeled testing
data is a signiﬁcant challenge for recent deep learning models.
Unsupervised domain adaptation (UDA) attempts to solve such a
problem. Recent works show that self-training is a powerful
approach to UDA. However, existing methods have diﬃculty in
balancing scalability and performance. In this paper, we propose an
instance adaptive self-training framework for UDA on the task of
semantic segmentation. Our method is so concise and eﬃcient that
it is easy to be generalized to other unsupervised domain
adaptation methods. Experiments on ‘GTA5 to Cityscapes’ and
‘SYNTHIA to Cityscapes’ demonstrate the superior performance
of our approach compared with the state-of-the-art methods.
Methods

Instance adaptive self-training framework (IAST) mainly has
two contributions:
Pseudo-Label Generation Strategy with an Instance Adaptive
Selectore(IAS): IAS selects an adaptive pseudo-label
threshold for each semantic category in units of images and
dynamically reduces the proportion of “hard” classes, to
eliminate noise in the pseudo-labels.

Region-guided Regularization: Region-guided regularization
is designed to smooth the prediction of the confident region
and sharpen the prediction of the ignored region.

The IAST training process consists of three phases:
a) In the warm-up phase, a non-self-training method uses both
the source data and the target data to train an initial
segmentation model M0 as the initial pseudo-label
generator G0.
b) In the pseudo-label generation phase, G is used to obtain the
prediction result of the target data, and a pseudo-label is
generated by an instance adaptive selector.
c) In the self-training phase, the segmentation model M is
trained using the target data.

Apply to other UDA methods. Because IAST has no special
structure or model dependencies, it can be directly used to decorate
other UDA methods. We chose two typical adversarial training
methods, AdapSeg and AdvEnt for experiments. As shown in Table
2, these two methods have significantly improved performance
under the IAST framework.
Table 2. Semi-supervised learning results on the Cityscapes val set.
1/8, 1/4 and 1/2 mean the proportion of labeled images

Results

Comparison with the state-of-the-art methods. The results of
IAST and some other state-of-the-art methods on GTA5 to
Cityscapes are present in Table1. From the overall results, IAST
has the best mIoU 52.2% and has obvious advantages over other
methods. Compared with some adversarial training methods
AdaptSegNet and SIBAN , IAST improves by 9.6% mIoU and
have signiﬁcant gains in almost all classes. Compared with the
same self-training methods such as MRKLD, IAST improves by
4.8% mIoU. In addition, BLF is a method that combines
adversarial training and self-training, which has the second-best
48.5% mIoU. Compared to BLF, IAST still has a signiﬁcant
improvement.
Table 1. Results of our proposed method IAST and other state-of-the-art
methods (GTA5 to Cityscapes).

Extension: other tasks. The self-training method can also be
applied to semi-supervised semantic segmentation task. We use the
same configuration in Cityscapes for semi-supervised training with
different proportions of data as labeled data. As shown in Table 3,
we have significantly better performance than others.
Table 3.Extension analysis, applying IAST to non-self-learning
UDA methods(test on Cityscapes), and Source means training
IAST without warmup.

Software and hardware environment: In our experiments, we
implement IAST using PyTorch1.0 on an NVIDIA Tesla V100.

Fig. 1. Proposed IAST framework overview

