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Table 5: Ablation study on the GTAS —

Table 4: Ablation study of the proposed method on 7-classes benchmark, Cityscapes + IDD configuration: Rectifi-

in GTAS5 — Cityscapes + IDD configuration.
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Figure 3: Qualitative comparison with MTKT on the 7-classes benchmark and in the GTAS to Cityscapes and IDD setting.

tural change in the classifiers. This variant is referred to
as MTKT*. Then we ablate different parts of our model:
(i) uses a simple Self-training with pseudo-labeling with-
out cross domain interactions. (ii) performs style-transfer
and employs the cross-domain pseudo-label loss ijy in
Eq. (10). (iii) adds the consistency loss given in Eq. (7).
(iv) employs our rectified loss but does not use the consis-
tency loss. Finally, (v) denotes our full models.

The lower performance of MTKT* demonstrates that the
higher performance of CoaST is not due to the use of a
different classifier. Then, we can observe that (i) under-
performs MTKT* showing that naively replacing adversar-
ial training by self-training does not work well. Adding
CrossDoNorm in (ii) results in a 4% gain that is further in-
creased when a consistency loss is added (see (iii)). Coop-
eration between domains can be also obtained by introduc-
ing cross-domain rectification (see (iv)) but the experiments
show that combining both consistency and pseudo label rec-
tification leads to the best performance.

To complete this ablation study, we evaluate different so-
lutions to assess the rectification weights w; in the same set-
ting as Tab. 4. We consider different possibilities. Cooper-
ative cross domain rectification can be replaced by the con-
sistency between predictions obtained with multiple drop-
out sampling [9]. An auxiliary network can also be em-

ployed as in [42] to estimate the uncertainty. Average
mloUs are reported in Tab. 5 with these different rectifi-
cation approaches. We observe our approach which bene-
fits from the multiple target domains, achieves a 2.4% gain,
which demonstrates that leveraging the multiple target do-
mains is essential to achieve robust pseudo-labeling.

5. Conclusion

We presented CoaST, a new method for multi-target do-
main adaptation in semantic segmentation. We introduced
a self-training strategy that uses pseudo-labels in conjunc-
tion with style-transfer to favor consistency between classi-
fiers. Besides, we employed consistency between the pre-
dictions from the different classifiers as an uncertainty mea-
sure allowing better use of the pseudo-labels. We conducted
experiments in two benchmarks and several settings and
demonstrated that the proposed method outperforms state-
of-the-art approaches.
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