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A. Appendix

A.1. Detailed Comparison Results

This section provides detailed comparison results be-
tween the proposed IDM and existing conventional do-
main adaptive semantic segmentation methods and one-
shot cross-domain semantic segmentation methods. For
a fair comparison, we perform experiments on differ-
ent backbones with DeepLab-v2 and transformer archi-
tecture, respectively. To be specific, Table S1 pro-
vides the results of GTA5→Citycsapes on DeepLab-v2
based on ResNet-101 backbone, Table S2 shows the re-
sults of SYNTHIA→Cityscapes on DeepLab-v2 based
on ResNet-101 backbone, and Table S3 is the results
of GTA5/SYNTHIA→Cityscapes based on transformer-
architecture. Note that we use SegFormer [23] as the back-
bone following DAFormer [4]. We compare the conven-
tional unsupervised domain adaptation (UDA) using the
whole target data and one-shot domain adaptation (One-
shot UDA) that only one target image is available during
adaptation.

Note that, for adaptation of GTA5→Cityscapes, our
method arrives the performance 57.3% mIoU and 45.2% on
conditional domain adaptation (UDA) and one-shot domain
adaptation (OSDA) based on DeepLab-v2, and 69.5% and
56.7% based on transformer-architecture. Besides, the per-
formance of SYNTHIA→Cityscapes is 65.9% and 47.2%
on conditional domain adaptation (UDA) and one-shot do-
main adaptation (OSDA) based on DeepLab-v2, and 67.9%
and 55.4% based on transformer-architecture.

A.2. Results on different weather.

We also conduct experiments on adaptation scenarios
from GTA5 to CS Foggy and ACDC [12] (including foggy,
snow, night, and rainy). The detailed results are shown in
the following.

*Zhaoxiang Zhang is the corresponding author.
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Table S1. Adaptation from GTA5 to Cityscapes on Deeplab-v2 based on ResNet-101 backbone. # TS denotes the number of target samples
used in training.
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UDA

Source Only - 75.8 16.8 77.2 12.5 21.0 25.5 30.1 20.1 81.3 24.6 70.3 53.8 26.4 49.9 17.2 25.9 6.5 25.3 36.0 36.5
AdaptSeg [14] All 86.5 36.0 79.9 23.4 23.3 23.9 35.2 14.8 83.4 33.3 75.6 58.5 27.6 73.7 32.5 35.4 3.9 30.1 28.1 42.4
CyCADA [3] All 86.7 35.6 80.1 19.8 17.5 38.0 39.9 41.5 82.7 27.9 73.6 64.9 19.0 65.0 12.0 28.6 4.5 31.1 42.0 42.7
CLAN [8] All 87.0 27.1 79.6 27.3 23.3 28.3 35.5 24.2 83.6 27.4 74.2 58.6 28.0 76.2 33.1 36.7 6.7 31.9 31.4 43.2
ADVENT [16] All 89.4 33.1 81.0 26.6 26.8 27.2 33.5 24.7 83.9 36.7 78.8 58.7 30.5 84.8 38.5 44.5 1.7 31.6 32.4 45.5
APODA [24] All 85.6 32.8 79.0 29.5 25.5 26.8 34.6 19.9 83.7 40.6 77.9 59.2 28.3 84.6 34.6 49.2 8.0 32.6 39.6 45.9
CBST [30] All 91.8 53.5 80.5 32.7 21.0 34.0 28.9 20.4 83.9 34.2 80.9 53.1 24.0 82.7 30.3 35.9 16.0 25.9 42.8 45.9
PatchAlign [15] All 92.3 51.9 82.1 29.2 25.1 24.5 33.8 33.0 82.4 32.8 82.2 58.6 27.2 84.3 33.4 46.3 2.2 29.5 32.3 46.5
MRKLD [29] All 91.0 55.4 80.0 33.7 21.4 37.3 32.9 24.5 85.0 34.1 80.8 57.7 24.6 84.1 27.8 30.1 26.9 26.0 42.3 47.1
BDL [6] All 91.0 44.7 84.2 34.6 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 35.3 49.7 3.3 28.8 35.6 48.5
FADA [18] All 91.0 50.6 86.0 43.4 29.8 36.8 43.4 25.0 86.8 38.3 87.4 64.0 38.0 85.2 31.6 46.1 6.5 25.4 37.1 50.1
CAG [27] All 90.4 51.6 83.8 34.2 27.8 38.4 25.3 48.4 85.4 38.2 78.1 58.6 34.6 84.7 21.9 42.7 41.1 29.3 37.2 50.2
Seg-Uncert. [28] All 90.4 31.2 85.1 36.9 25.6 37.5 48.8 48.5 85.3 34.8 81.1 64.4 36.8 86.3 34.9 52.2 1.7 29.0 44.6 50.3
FDA [25] All 92.5 53.3 82.4 26.5 27.6 36.4 40.6 38.9 82.3 39.8 78.0 62.6 34.4 84.9 34.1 53.1 16.9 27.7 46.4 50.5
PIT [9] All 87.5 43.4 78.8 31.2 30.2 36.3 39.9 42.0 79.2 37.1 79.3 65.4 37.5 83.2 46.0 45.6 25.7 23.5 49.9 50.6
IAST [11] All 93.8 57.8 85.1 39.5 26.7 26.2 43.1 34.7 84.9 32.9 88.0 62.6 29.0 87.3 39.2 49.6 23.2 34.7 39.6 51.5
DACS [13] All 89.9 39.7 87.9 30.7 39.5 38.5 46.4 52.8 88.0 44.0 88.8 67.2 35.8 84.5 45.7 50.2 0.0 27.3 34.0 52.1
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SAC [1] All 90.4 53.9 86.6 42.4 27.3 45.1 48.5 42.7 87.4 40.1 86.1 67.5 29.7 88.5 49.1 54.6 9.8 26.6 45.3 53.8
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ProDA [26] All 87.8 56.0 79.7 46.3 44.8 45.6 53.5 53.5 88.6 45.2 82.1 70.7 39.2 88.8 45.5 59.4 1.0 48.9 56.4 57.5
CPSL [5] All 92.3 59.9 84.9 45.7 29.7 52.8 61.5 59.5 87.9 41.5 85.0 73.0 35.5 90.4 48.7 73.9 26.3 53.8 53.9 60.8

IDM (Ours) All 94.3 67.5 87.0 39.8 37.0 42.9 54.8 62.0 87.3 44.5 87.6 71.6 47.1 88.7 51.0 53.1 5.4 22.0 44.4 57.3

One-shot UDA

AdaptSeg [14] One 77.7 19.2 75.5 11.7 6.4 16.8 18.2 15.4 77.1 34.0 68.5 55.3 30.9 74.5 23.7 28.3 2.9 14.4 18.9 35.2
ADVENT [16] One 76.1 15.1 76.6 14.4 10.8 17.5 19.8 12.0 79.2 39.5 71.3 55.7 25.2 76.7 28.3 30.5 0.0 23.6 14.4 36.1
CLAN [8] One 77.1 22.7 78.6 17.0 14.8 20.5 23.8 12.0 80.2 39.5 74.3 56.6 25.2 78.1 29.3 31.2 0.0 19.4 16.7 37.7
CBST [30] One 76.1 22.2 73.5 13.8 18.8 19.1 20.7 18.6 79.5 41.3 74.8 57.4 19.9 78.7 21.3 28.5 0.0 28.0 13.2 37.1
ProDA [26] One 80.9 32.2 68.9 24.7 21.0 24.6 29.6 14.8 71.7 28.6 66.4 55.8 17.5 81.6 21.2 24.2 20.0 25.0 13.9 38.0
SM-PPM [22] One 85.0 23.2 80.4 21.3 24.5 30.0 32.0 26.7 83.2 34.8 74.0 57.3 29.0 77.7 27.3 36.5 5.0 28.2 39.4 42.8
ASM[7] One 89.5 31.2 81.3 27.8 22.8 30.6 32.8 25.1 82.6 35.0 76.7 59.2 26.6 82.3 27.7 34.1 0.9 25.6 29.6 43.2

IDM (Ours) One 89.7 43.5 83.3 27.1 24.2 33.4 37.2 24.2 80.2 19.6 83.9 67.1 36.4 86.2 34.2 41.6 2.7 26.9 17.9 45.2
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Table S2. Adaptation from SYNTHIA to Cityscapes on DeepLab-v2 based on ResNet-101 backbone. # TS denotes the number of target
samples used in training.
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Source Only - 55.6 23.8 74.6 - - - 6.1 12.1 74.8 79.0 55.3 19.1 39.6 23.3 13.7 25.0 - 38.6
AdaptSeg [14] All 79.2 37.2 78.8 - - - 9.9 10.5 78.2 80.5 53.5 19.6 67.0 29.5 21.6 31.3 - 45.9
PatchAlign [15] All 82.4 38.0 78.6 8.7 0.6 26.0 3.9 11.1 75.5 84.6 53.5 21.6 71.4 32.6 19.3 31.7 40.0 46.5
CLAN [8] All 81.3 37.0 80.1 - - - 16.1 13.7 78.2 81.5 53.4 21.2 73.0 32.9 22.6 30.7 - 47.8
ADVENT [16] All 85.6 42.2 79.7 8.7 0.4 25.9 5.4 8.1 80.4 84.1 57.9 23.8 73.3 36.4 14.2 33.0 41.2 48.0
CBST [30] All 68.0 29.9 76.3 10.8 1.4 33.9 22.8 29.5 77.6 78.3 60.6 28.3 81.6 23.5 18.8 39.8 42.6 48.9
DADA [17] All 89.2 44.8 81.4 6.8 0.3 26.2 8.6 11.1 81.8 84.0 54.7 19.3 79.7 40.7 14.0 38.8 42.6 49.8
MRKLD [29] All 67.7 32.2 73.9 10.7 1.6 37.4 22.2 31.2 80.8 80.5 60.8 29.1 82.8 25.0 19.4 45.3 43.8 50.1
BDL [6] All 86.0 46.7 80.3 – – – 14.1 11.6 79.2 81.3 54.1 27.9 73.7 42.2 25.7 45.3 – 51.4
CAG [27] All 84.7 40.8 81.7 7.8 0.0 35.1 13.3 22.7 84.5 77.6 64.2 27.8 80.9 19.7 22.7 48.3 44.5 51.5
PIT [9] All 83.1 27.6 81.5 8.9 0.3 21.8 26.4 33.8 76.4 78.8 64.2 27.6 79.6 31.2 31.0 31.3 44.0 51.8
SIM [21] All 83.0 44.0 80.3 – – – 17.1 15.8 80.5 81.8 59.9 33.1 70.2 37.3 28.5 45.8 – 52.1
FDA [25] All 79.3 35.0 73.2 – – – 19.9 24.0 61.7 82.6 61.4 31.1 83.9 40.8 38.4 51.1 – 52.5
FADA [18] All 84.5 40.1 83.1 4.8 0.0 34.3 20.1 27.2 84.8 84.0 53.5 22.6 85.4 43.7 26.8 27.8 45.2 52.5
APODA [24] All 86.4 41.3 79.3 – – – 22.6 17.3 80.3 81.6 56.9 21.0 84.1 49.1 24.6 45.7 – 53.1
UPLR [20] All 79.4 34.6 83.5 19.3 2.8 35.3 32.1 26.9 78.8 79.6 66.6 30.3 86.1 36.6 19.5 56.9 48.0 54.6
DACS [13] All 80.6 25.1 81.9 21.5 2.9 37.2 22.7 24.0 83.7 90.8 67.6 38.3 82.9 38.9 28.5 47.6 48.3 54.8
Seg-Uncert. [28] All 87.6 41.9 83.1 14.7 1.7 36.2 31.3 19.9 81.6 80.6 63.0 21.8 86.2 40.7 23.6 53.1 47.9 54.9
CTF [10] All 75.7 30.0 81.9 11.5 2.5 35.3 18.0 32.7 86.2 90.1 65.1 33.2 83.3 36.5 35.3 54.3 48.2 55.5
IAST [11] All 81.9 41.5 83.3 17.7 4.6 32.3 30.9 28.8 83.4 85.0 65.5 30.8 86.5 38.2 33.1 52.7 49.8 57.0
CPSL [5] All 87.2 43.9 85.5 33.6 0.3 47.7 57.4 37.2 87.8 88.5 79.0 32.0 90.6 49.4 50.8 59.8 65.3 57.9
SAC [1] All 89.3 47.2 85.5 26.5 1.3 43.0 45.5 32.0 87.1 89.3 63.6 25.4 86.9 35.6 30.4 53.0 52.6 59.3
ProDA [26] All 87.8 45.7 84.6 37.1 0.6 44.0 54.6 37.0 88.1 84.4 74.2 24.3 88.2 51.1 40.5 45.6 55.5 62.0
CorDA [19] All 93.3 61.6 85.3 19.6 5.1 37.8 36.6 42.8 84.9 90.4 69.7 41.8 85.6 38.4 32.6 53.9 55.0 62.8

IDM (Ours) All 84.2 40.4 87.3 39.9 4.2 37.8 55.2 54.0 78.6 80.2 75.3 48.7 88.2 52.0 48.1 66.2 58.6 65.9

One-shot UDA

AdaptSeg [14] One 64.1 25.6 75.3 - - - 4.7 2.7 77.0 70.0 52.2 20.6 51.3 22.4 19.9 22.3 - 39.1
CLAN [8] One 68.3 26.9 72.2 - - - 5.1 5.3 75.9 71.4 54.8 18.4 65.3 19.2 22.1 20.7 - 40.4
ADVENT [16] One 65.7 22.3 69.2 - - - 2.9 3.3 76.9 69.2 55.4 21.4 77.3 17.4 21.4 16.7 - 39.9
CBST [30] One 59.6 24.1 72.9 - - - 5.5 13.8 72.2 69.8 55.3 21.1 57.1 17.4 13.8 18.5 - 38.5
ProDA [26] One 81.8 38.9 60.6 7.8 0 31.6 14.6 11.5 51.5 69.9 56.2 16.4 79.2 24.4 5.9 32.3 36.4 41.8
ASM [7] One 85.7 39.7 77.1 1.1 0.0 24.2 2.1 9.2 76.9 81.7 43.4 11.4 63.9 15.8 1.6 20.3 34.6 40.7
SM-PPM [22] One 79.3 35.3 75.9 5.6 16.6 29.8 25.4 22.7 79.9 76.8 54.6 23.5 60.2 23.9 21.2 36.6 41.4 47.3
SM-PPM† [22] One 66.2 27.2 72.7 6.4 0.2 27.3 14.5 15.5 73.6 80.8 54.1 18.8 59.1 15.5 15.8 28.1 35.9 41.7

IDM (Ours) One 84.9 36.8 78.5 4.5 5.3 33.1 14.6 18.0 80.4 81.8 56.6 23.4 73.9 25.7 13.4 25.4 41.0 47.2
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Table S3. Comparison results using SegF. MiT-B5. # TS denotes the number of target samples used in training.
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Source Only - 77.1 15.2 83.8 30.8 32.0 27.9 41.5 18.5 86.5 42.5 86.8 62.6 22.2 87.0 42.7 36.8 6.1 33.5 12.5 44.5
TransDA-B [2] All 94.7 64.2 89.2 48.1 45.8 50.1 60.2 40.8 90.4 50.2 93.7 76.7 47.6 92.5 56.8 60.1 47.6 49.6 55.4 63.9
DAFormer [4] All 95.7 70.2 89.4 53.5 48.1 49.6 55.8 59.4 89.9 47.9 92.5 72.2 44.7 92.3 74.5 78.2 65.1 55.9 61.8 68.3
IDM (Ours) All 97.2 77.1 89.8 51.7 51.7 54.5 59.7 64.7 89.2 45.3 90.5 74.2 46.6 92.3 76.9 59.6 81.2 57.3 62.4 69.5

DAFormer [4] One 88.7 34.4 84.9 29.1 28.5 36.9 43.9 29.7 83.4 29.6 84.1 66.0 38.0 86.8 54.9 47.3 32.8 24.6 37.8 50.6
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Source Only - 69.9 27.8 82.9 21.6 2.3 39.2 36.3 29.9 84.2 84.9 61.6 22.6 83.8 48.0 14.9 19.7 45.6 51.3
TransDA-B [2] All 90.4 54.8 86.4 31.1 1.7 53.8 61.1 37.1 90.3 93.0 71.2 25.3 92.3 66.0 44.4 49.8 59.3 66.3
DAFormer [4] All 84.5 40.7 88.4 41.5 6.5 50.0 55.0 54.6 86.0 89.8 73.2 48.2 87.2 53.2 53.9 61.7 60.9 67.4
IDM (Ours) All 87.6 47.6 88.1 33.4 6.3 52.8 57.8 56.5 83.0 77.5 66.2 52.1 89.3 55.6 57.1 64.2 60.9 67.9

DAFormer [4] One 65.3 26.1 79.5 24.8 1.9 38.3 30.7 23.8 81.4 84.0 66.1 27.6 70.8 39.3 23.7 33.8 44.8 50.2
IDM (Ours) One 85.4 39.4 83.5 11.6 0.6 43.9 45.4 31.7 86.0 83.9 62.3 23.3 87.4 32.4 25.1 34.1 48.5 55.4

Model CS Fog Snow Rainy Night Foggy Mean

Src Only 44.5 40.6 39.7 22.5 43.6 38.2
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