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In this supplementary material, we first report some additional quantitative
(Sec. A.1) results and qualitative results (Sec. A.2). In Sec B, we further discuss
the limitation of our method and some directions for future work. Finally, we
provide a summary of the datasets we employed in Sec. C.

A Additional Results

A.1 Quantitative results

Detailed results on the ACDC. To study the impact of SiamDoGe on individual
adverse conditions, we further evaluate our model on each condition of ACDC
dataset including fog, nighttime, rain and snow. The results for the settings
GTAV → ACDC (G → A) and Cityscapes → ACDC (C → A) are reported in
Table 1 and Table 2, respectively. It can be seen that the proposed SiamDoGe
surpasses the state-of-the-arts on all conditions under both settings. Besides,
across the four conditions, we find that our method achieves more performance
gains on the nighttime condition compared with the second best, i.e., 4.28 mIoU
on G → A and 6.01 mIoU on C → A. In addition, both IBN-Net [4] and Ro-
bustNet [1] decrease the performance on this condition.

Table 1. Quantitative comparison results of our SiamDoGe with the existing state-of-
the-art DG approaches for semantic segmentation under the setting G → A. All the
methods use ResNet-50 as backbone. Note that the performance on “all” conditions is
not an simple average of the four individual conditions.

Method Fog Night Rain Snow All

IBN-Net [4] 30.35 4.80 13.63 9.99 22.55

RobustNet [1] 32.56 6.32 33.02 29.97 25.46

SiamDoGe
36.45 10.60 35.84 30.71 29.25

(+3.89) (+4.28) (+2.82) (+0.74) (+3.79)
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Table 2. Quantitative comparison results of our SiamDoGe and the existing state-of-
the-art DG approaches for semantic segmentation under the setting C → A. All the
methods use ResNet-50 as backbone.

Methods Fog Night Rain Snow All

DeepLabv3+ 1 45.7 25.0 50.0 42.0 41.6

IBN-Net [4] 63.56 21.5 51.91 49.46 44.05

RobustNet [1] 64.62 23.18 54.07 50.00 46.91

SiamDoGe
67.42 31.01 54.44 55.92 52.34

(+2.80) (+6.01) (+0.37) (+5.92) (+5.43)

The per-categories comparison. We also provide the per-category results for the
main comparison experiments (supplement to Table 1 and Table 2 in the main
paper) in Table 3 and Table 4.

A.2 Qualitative results

In this section, we provide more visual comparison of our SiamDoGe with Ro-
bustNet [1] under the setting G → {C, B, M, S, A} in Figure 1 and the setting
C → {G, B, M, S, A} in Figure 2, respectively.

B Limitation and discussion

Compared with alternatives that improve the domain generalization ability with
a single branch, our method needs more training time. This limitation is caused
by the inherent architecture of Siamese networks.

C Dataset details

Finally, we also provide an overview of the datasets used in our experiments in
Table 5 for a clear illustration.

1 Note that the numbers are borrowed from ACDC [7] which serves as a baseline of
the setting Cityscapes → ACDC.
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Fig. 1. Qualitative comparison results of our SiamDoGe with RobustNet [1] under the
setting G → {C, B, M, S, A}.

Table 5. Illusrtation of datasets. GTAV and Cityscapes are treated as either seen or
unseen datasets and the rest are only treated as unseen dataset for evaluation. ⋇The
minimum resolution is reported.

Dataset Synthetic Real Train Eval Resolution

GTAV [5] ✓ 18,785 6,382 1,914×1,052
Cityscapes [2] ✓ 2,975 500 2,048×1,024
SYNTHIA [6] ✓ - 2,820 960×720
Mapillary [3] ✓ - 2,000 1,920×1,080⋇

BDD-100K [8] ✓ - 1,000 1,280×720
ACDC [7] ✓ - 406 1,920×1,080
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Fig. 2. Qualitative comparison results of our SiamDoGe with RobustNet [1] under the
setting C → {G, B, M, S, A}.
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