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1. Overview
This is the supplementary material to support our
manuscript “DUDA: Distilled Unsupervised Domain Adap-
tation for Lightweight Semantic Segmentation”. It contains
additional and detailed results, particularly related to Sec.
4 (Experimental Results) of the main article, that couldn’t
be included in the main article due to space constraints.
In Sec. 3, we note references compared in Fig. 1 in the
main paper. In Sec. 4, we provide the training time of
DUDAMIC with the various backbone models as an addi-
tional implementation detail. In Sec. 5, in addition to
Tab. 4 of the main paper, we provide more detailed abla-
tion studies using MiT-B0 backbone across the four differ-
ent datasets. In Sec. 6, we compare DUDA models with
the SOTA UDA methods with the class-wise IoU across
four UDA different benchmarks. We also provide experi-
ments comparing DUDA and its baselines (i.e., DAFormer,
MIC) with MiT-B2 and MiT-B4 backbones. Addition-
ally, we provide class-wise IoU scores for the compared
ResNet-based methods in Tab. 2 of the main paper. Code:
https://github.com/beomseokg/DUDA.

2. Implementation Details
Our implementation closely follows SOTA prior works,
DAFormer [3] and MIC [5], including backbone and de-
coder head structures, as well as learning rate, batch size,
optimizer, etc. The backbones are pre-trained on ImageNet-
1k. Training strategies utilized in DAFormer [3], such as
data augmentation, learning rate warm-up, ImageNet fea-
ture distance (FD), and rare class sampling (RCS), are in-
tegrated into DUDA, but omitted in Fig. 2 (main paper) for
simplicity. In addition, the MIC training strategy, such as
masked loss, is applied within the DUDA framework when
coupled with MIC. We allocate 40k iterations for the pre-
adaptation phase and 80k iterations for the fine-tuning. We
experiment with 3 different random seeds.

*Most of the work was done during BK’s SRI International internship.

Method Backbone
Training Time (iterations)

Pre-adaptation (40k) Fine-tuning (80k)
DUDAMIC MiT-B0 39 hours *41 hours
DUDAMIC MiT-B1 40 hours *45 hours
DUDAMIC MiT-B2 43 hours 46 hours
DUDAMIC MiT-B4 49 hours 58 hours
DUDAMIC DeepLab-V2 54 hours *73 hours

Table 1. Training time of DUDAMIC in the various backbones. The
training is performed in a single NVIDIA A6000 or A5000 GPU.
*Training time is measured in NVIDIA A5000 GPU.

3. Compared Methods
We compare with the following methods in Fig. 1 in the
main paper: FDA [25], DACS [16], ProDA [26], CAMix
[29], DAFormer [3], HRDA [4] MIC [5], DiGA [15], Fre-
dom [17], SGG [12], CONFETI [7], RTea [27], PRN [28],
MoDA [11], and RDAS (i.e., Revisiting Domain Adaptive
Semantic Segmentation) [6].

4. Training and Inference Cost
Training Cost. We primarily measure the training time for
each of the two training procedures. Our training is per-
formed on a single GPU, either NVIDIA A5000 or A6000,
and other training parameters, such as batch size, are the
same as introduced in the main text. Tab. 1 summarizes
the training time for different backbone models trained
by DUDAMIC using the GTA→Cityscapes dataset. Since
DUDA is operated on three different networks (LT, LS, and
SS) and consists of the two training stages (pre-adaptation
and fine-tuning), the training cost is more expensive than
that of its baseline, such as HRDA [4] and MIC [5]. For
peak memory, DUDA MIC with MiT-B0, B1, B2, B4, and
B5 requires 43,520MB, 43,561MB, 43,601MB, 43,742MB,
and 43,820MB, respectively—all of which fit comfortably
on a single A6000 GPU. In comparison, standard MIC with
MiT-B5 consumes 22,444MB. Regarding throughput, in the
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Method
Pre- Fine-tuning

mIoU (%) mAcc (%)
adaptation CE KL Inconsistency

Synthetic-to-Real: GTA→Cityscapes (Val.)
MiT-B0 No Distillation 51.00 62.49
MiT-B0 ✓ 62.34 71.74
MiT-B0 ✓ ✓ 63.67 72.94
MiT-B0 ✓ ✓ ✓ 64.38 73.50
MiT-B0 ✓ ✓ ✓ ✓ 65.19 75.18

Synthetic-to-Real: Synthia→Cityscapes (Val.)
MiT-B0 No Distillation 46.09 58.25
MiT-B0 ✓ 57.06 67.44
MiT-B0 ✓ ✓ 57.01 68.44
MiT-B0 ✓ ✓ ✓ 57.72 69.20
MiT-B0 ✓ ✓ ✓ ✓ 58.31 71.12

Day-to-Nighttime: Cityscapes→DarkZurich (Val.)
MiT-B0 No Distillation 23.89 40.08
MiT-B0 ✓ 33.18 49.02
MiT-B0 ✓ ✓ 34.30 50.49
MiT-B0 ✓ ✓ ✓ 35.18 51.07
MiT-B0 ✓ ✓ ✓ ✓ 35.29 51.84

Clear-to-Adverse-Weather: Cityscapes→ACDC (Val.)
MiT-B0 No Distillation 43.79 58.06
MiT-B0 ✓ 49.68 62.91
MiT-B0 ✓ ✓ 51.84 65.00
MiT-B0 ✓ ✓ ✓ 53.52 66.11
MiT-B0 ✓ ✓ ✓ ✓ 53.86 67.45

Table 2. Ablation Studies of DUDA on the four different adapta-
tion scenarios with DAFormer as the base across the four datasets.
The basic model is configured as DAFormer without DUDA, and
subsequently, we incrementally introduce cross-entropy, KL diver-
gence, pre-adaptation, and inconsistency-based balanced losses in
the DUDA setup. mIoU for Synthia→Cityscapes is averaged over
16 classes.

pre-adaptation stage of DUDA MIC, where three models
are jointly updated, the measured throughput on an A6000
GPU is 0.570 imgs/sec (MiT-B0), 0.556 imgs/sec (MiT-B1),
0.517 imgs/sec (MiT-B2), and 0.454 imgs/sec (MiT-B4).
These values are lower than the 0.794 imgs/sec achieved by
standard MIC with MiT-B5, reflecting the additional com-
putation during joint training. As LT and LS networks are
identical regardless of the SS network’s backbone, the in-
crease in the training time (both pre-adaptation and fine-
tuning) has resulted from the larger SS networks (from top
to bottom rows).
Inference Cost. We acknowledge the elevated memory
requirement of DUDA during training due to the auxil-
iary large network, however, it incurs no increase in in-
ference cost. Notably, the primary obstacle from mem-
ory issues predominantly emerges at inference time. Con-
sidering the other UDA methods [10, 25, 26] take several
days [4], the training speed of DUDA is rather similar to
them. However, our focus is to obtain SOTA UDA perfor-
mance in lightweight models (SS networks), not fast train-
ing. We can rather expect fast inference as a by-product

Method
Pre- Fine-tuning

mIoU (%) mAcc (%)
adaptation CE KL Inconsistency

Synthetic-to-Real: GTA→Cityscapes (Val.)
MiT-B0 No Distillation 59.54 69.29
MiT-B0 ✓ 71.37 79.99
MiT-B0 ✓ ✓ 70.80 79.82
MiT-B0 ✓ ✓ ✓ 71.63 80.27
MiT-B0 ✓ ✓ ✓ ✓ 71.71 81.04

Synthetic-to-Real: Synthia→Cityscapes (Val.)
MiT-B0 No Distillation 52.96 64.26
MiT-B0 ✓ 64.79 75.03
MiT-B0 ✓ ✓ 64.56 74.93
MiT-B0 ✓ ✓ ✓ 65.02 75.17
MiT-B0 ✓ ✓ ✓ ✓ 65.25 76.04

Day-to-Nighttime: Cityscapes→DarkZurich (Val.)
MiT-B0 No Distillation 31.38 47.12
MiT-B0 ✓ 40.35 60.00
MiT-B0 ✓ ✓ 40.93 60.74
MiT-B0 ✓ ✓ ✓ 41.28 60.31
MiT-B0 ✓ ✓ ✓ ✓ 40.83 60.75

Clear-to-Adverse-Weather: Cityscapes→ACDC (Val.)
MiT-B0 No Distillation 52.82 64.89
MiT-B0 ✓ 63.86 74.23
MiT-B0 ✓ ✓ 64.13 74.43
MiT-B0 ✓ ✓ ✓ 65.48 75.22
MiT-B0 ✓ ✓ ✓ ✓ 65.39 75.73

Table 3. Ablation Studies of DUDA on the four different adap-
tation scenarios with MIC as the base across the four datasets.
The basic model is configured as MIC without DUDA, and sub-
sequently, we incrementally introduce cross-entropy, KL diver-
gence, pre-adaptation, and inconsistency-based balanced losses in
the DUDA setup. mIoU for Synthia→Cityscapes is averaged over
16 classes.

of lightweight models since DUDA reduces the memory by
1.3∼11.7 times and FLOPs of the backbone by 1.3∼21.2,
keeping the mIoU comparable (Tab. 1 of the main paper).
Note, the memory and FLOPs of ResNet models are as fol-
lows: ResNet-18 (46.2MB and 176.0 GFLOPs), ResNet-50
(99.7MB and 366.1GFLOPs), and ResNet-101 (175.7MB
and 638.7 GFLOPs). FLOPs are measured using the same
method as in Tab. 1 in the main paper.

In summary, while DUDA’s training cost is higher than
that of the baseline methods, the inference cost remains the
same.

5. Ablation Study

Ablation studies are conducted in MiT-B0 backbone trained
by DUDADAF and DUDAMIC across the four different
datasets. Similar to Tab. 4 of the main paper, the
performance improvement by involving the four com-
ponents, pre-adaptation (Pre-adapt) and fine-tuning with
the cross-entropy (CE), KL divergence losses (KL), and
inconsistency-based loss balancing (Incon.), are investi-



Method
Pre- Fine-tuning

mIoU (%)
adaptation CE KL Inconsistency

MiT-B1 No Distillation 60.2
MiT-B1 ✓ 64.7
MiT-B1 ✓ 66.8
MiT-B1 ✓ ✓ 67.9
MiT-B1 ✓ ✓ ✓ 68.4
MiT-B1 ✓ ✓ ✓ ✓ 68.5
MiT-B2 No Distillation 63.9
MiT-B2 ✓ 65.9
MiT-B2 ✓ 68.4
MiT-B2 ✓ ✓ 68.5
MiT-B2 ✓ ✓ ✓ 69.5
MiT-B2 ✓ ✓ ✓ ✓ 69.8
MiT-B4 No Distillation 66.1
MiT-B4 ✓ 68.2
MiT-B4 ✓ 70.0
MiT-B4 ✓ ✓ 70.2
MiT-B4 ✓ ✓ ✓ 70.4
MiT-B4 ✓ ✓ ✓ ✓ 70.5

Table 4. Ablation Studies of DUDA in GTA→Cityscapes with
DAFormer. Experimental setups are same with Tab. 2 but MiT-
B1, MiT-B2 and MiT-B4 models are used for students.

Method mIoU (%) ↑
GTA→CS SYN→CS CS→DZur CS→ACDC

DAFormer

M
iT

-B
2 63.9 59.4 44.7 52.2

DUDADAF 69.8 61.6 54.4 56.8
MIC 72.7 66.4 56.5 60.9
DUDAMIC 75.5 67.3 59.6 68.6
DAFormer

M
iT

-B
4 66.1 59.9 46.9 55.5

DUDADAF 70.5 62.0 54.4 57.7
MIC 74.3 66.0 59.9 64.0
DUDAMIC 76.7 68.3 60.3 70.2

Table 5. Comparison with DAFormer and MIC in MiT-B2 and B4
backbones. mIoU for SYN→CS is averaged over 16 classes.

gated. Tabs. 2 and 3 provide the results from DUDADAF
and DUDAMIC, respectively. DUDADAF with the four com-
ponents consistently achieves the highest mIoU and mAcc
in the four datasets. DUDAMIC with the four components in
CS→DZur and CS→ACDC shows slightly lower mIoU but
highest mAcc.

In summary, DUDA generally shows continuous im-
provement by including each of the components.

6. Additional Quantitative Results
Comparison with Transformer-based Methods. In Tab. 3
of the main paper, we compare DUDA and its baselines
(DAFormer and MIC) in the MiT-B0 and B1 backbones
in terms of mIoU scores. Similarly, the comparison with
DAFormer and MIC in the MiT-B2 and M4 backbones is
presented in Tab. 5. Additionally, we provide the class-
wise comparison in Tabs. 6 and 7. It is important to note
that, in GTA→CS with MiT-B0 backbone, the methods

without DUDA completely fail to segment the Train class,
while DUDADAF and DUDAMIC improve it by the IoU of
almost 50% and 70%. Similarly, the accuracy of the Mo-
torbike class shows a large improvement with DUDA (MiT-
B0) across SYN→CS, CS→DZur, and CS→ACDC. In a
few cases, we see a performance drop, e.g., Road class in
SYN→CS and CS→ACDC for DUDADAF. Overall, due
to learning from higher-quality labels and inconsistency-
based balancing, DUDA performs significantly better in
most of the classes across benchmarks, with more substan-
tial improvement generally observed in the minority classes.
While the Train class is significantly improved (∼50%) in
MiT-B0 and MiT-B1, the improvement is reduced since
the baseline accuracy is high. The performance drop of
the Road class in SYN→CS and CS→ACDC is again ob-
served in MiT-B2 and MiT-B4. Overall, the observations
and trends in the class-wise IoU of MiT-B0 and MiT-B1 are
similar in the larger backbones.

In addition to the mIoU presented in Tab. 1 in Sec. 4 of
the main paper, we provide the class-wise comparison of
DUDA with the SOTA SegFormer-based methods in Tab. 8.
It demonstrates the class-wise IoU of the SOTA methods
and DUDA with MiT-B0, B1, B2, and B4 backbones across
the four different UDA semantic segmentation benchmarks.
Our DUDAMIC with MiT-B4 performs slightly better than
recent SOTA methods, such as MIC [5] and MICDrop [24],
with MiT-B5 in on GTA→CS and SYN→CS. We believe
this can be attributed to our inconsistency-weighted loss
boosting accuracy on underperforming classes and the effi-
cacy of learning from multiple teachers (LT and LS). DUDA
also performs better than recent method CSI [9] in most
experiments (e.g., with DAFormer base, mIoU of 69.8 w/
DUDA MiT-B2 vs. 67.9 w/ CSI MiT-B5 in GTA→CS;
mIoU of 61.6 w/ DUDA MiT-B2 vs 61.4 w/ CSI MiT-B5
in SYN→CS).

However, we omit comparison with MICDrop and CSI
in the Tables to ensure fairness. The performance gain
in MICDrop stems from additional geometric information,
such as depth predictions, to enhance learning segmentation
boundaries. Also, all the compared approaches in the Ta-
bles including ours assume consistent taxonomies between
source and target domains, typical in traditional UDA se-
mantic segmentation, whereas CSI considers inconsistent
taxonomies between domains. Similarly, we do not directly
compare with UDA methods leveraging foundation models
[9, 13, 23]. Lastly, InforMS [20] proposed Online Informa-
tive Class Sampling to dynamically adjust the weights of
different semantic classes. However, it is particularly de-
signed for daytime-nighttime adaptation scenarios, consid-
ering illumination discrepancies in the scene using spectro-
gram mean. In contrast, DUDA does not assume specific
adaptation scenarios.
Comparison with ResNet-based Methods. The various



Method Road S.Walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike mIoU

Synthetic-to-Real: GTA→Cityscapes (Val.)
DAFormer [3]

M
iT

-B
0

92.2 55.9 85.6 25.2 22.3 40.0 39.5 46.2 87.3 43.6 87.7 63.4 31.8 85.4 36.4 40.6 1.4 31.8 52.9 51.0
DUDADAF 96.3 76.7 88.5 43.0 41.7 48.5 49.5 59.6 89.7 44.4 91.7 68.9 40.3 91.2 72.6 72.6 52.8 52.4 61.2 65.2
MIC [5] 95.0 68.0 88.4 44.4 29.4 48.6 48.5 62.5 89.8 46.0 92.7 71.0 36.6 87.5 49.2 57.7 0.4 53.6 62.1 59.5
DUDAMIC 97.1 78.3 90.6 56.3 51.0 56.8 58.3 68.1 91.2 49.2 93.7 76.4 50.0 93.3 76.7 82.4 71.2 56.7 65.5 71.7

DAFormer [3]

M
iT

-B
1

94.4 64.8 87.1 34.1 27.2 44.7 47.7 55.0 88.7 47.3 90.3 66.4 32.1 89.2 59.9 55.6 52.0 47.6 58.8 60.2
DUDADAF 96.7 75.8 89.2 47.7 46.8 50.9 52.9 63.5 90.2 45.3 92.7 70.9 42.8 92.3 76.0 79.1 69.8 56.2 62.2 68.5
MIC [5] 95.8 72.0 89.9 54.4 40.3 55.8 59.7 70.2 90.9 50.5 93.8 75.3 46.1 91.5 62.8 64.5 35.4 60.6 65.5 67.1
DUDAMIC 97.3 79.6 91.0 54.4 53.9 59.0 62.2 70.8 91.6 50.2 93.9 78.3 53.7 94.2 82.3 84.5 70.8 58.1 67.0 73.3

Synthetic-to-Real: Synthia→Cityscapes (Val.)
DAFormer [3]

M
iT

-B
0

57.2 21.6 84.1 9.9 1.0 40.2 34.4 40.6 84.1 - 86.5 65.4 32.3 81.6 - 36.6 - 7.4 54.5 46.1
DUDADAF 75.9 31.3 88.1 41.9 7.6 48.4 50.4 52.2 84.3 - 91.4 70.3 43.7 86.9 - 54.6 - 45.1 61.0 58.3
MIC [5] 83.8 39.0 86.1 0.2 0.9 48.1 52.0 49.5 85.9 - 93.5 71.6 35.1 86.3 - 47.9 - 7.3 60.1 53.0
DUDAMIC 85.7 52.5 88.9 43.9 8.6 56.8 62.0 61.2 82.9 - 94.5 78.4 53.1 89.7 - 62.1 - 60.7 63.0 65.3

DAFormer [3]

M
iT

-B
1

85.8 36.6 85.9 32.0 2.3 43.1 47.0 47.5 86.1 - 92.1 69.9 37.2 84.2 - 37.2 - 39.8 59.5 55.4
DUDADAF 77.5 33.7 88.6 43.2 8.9 51.0 53.6 56.1 84.1 - 90.9 72.8 48.9 86.9 - 59.1 - 49.7 63.4 60.5
MIC [5] 94.8 69.5 87.2 38.7 1.5 55.0 60.3 57.8 87.5 - 94.3 76.5 46.0 88.9 - 61.4 - 58.2 63.2 65.0
DUDAMIC 85.2 52.4 89.5 46.9 7.8 59.7 65.4 63.7 82.4 - 95.0 80.2 57.9 90.1 - 64.8 - 62.9 64.3 66.8

Day-to-Nighttime: Cityscapes→DarkZurich (Test)
DAFormer [3]

M
iT

-B
0

88.4 51.1 61.9 25.8 11.3 45.0 29.8 13.8 44.9 12.0 38.5 31.8 10.0 68.2 19.7 0.0 56.1 9.2 19.2 33.5
DUDADAF 92.5 64.3 71.7 41.0 16.1 50.4 43.4 45.9 57.9 37.6 64.9 47.3 45.9 76.9 49.6 0.5 78.8 34.2 33.0 50.1
MIC [5] 91.5 59.2 65.0 44.0 14.8 46.4 10.7 33.3 52.6 34.5 51.5 43.6 17.0 52.2 0.0 0.0 62.8 7.5 26.1 37.5
DUDAMIC 94.7 73.7 79.5 49.5 17.7 57.3 32.0 49.0 57.1 39.7 68.2 58.2 49.1 79.9 78.9 1.8 86.2 31.4 38.7 54.9

DAFormer [3]

M
iT

-B
1

91.0 55.2 50.8 35.2 12.5 38.4 30.4 29.6 29.7 28.5 21.3 32.2 22.5 66.8 59.0 0.0 56.9 9.0 27.7 36.7
DUDADAF 93.1 65.3 73.1 40.0 18.8 52.3 45.4 46.2 58.7 40.6 65.8 54.3 30.6 79.3 51.3 3.0 86.3 42.9 36.3 51.8
MIC [5] 91.7 61.8 70.5 44.1 17.8 51.0 19.6 39.0 45.1 34.5 54.0 51.0 14.6 33.8 75.3 0.0 82.1 24.6 29.3 44.2
DUDAMIC 94.5 72.4 80.9 50.7 21.8 60.3 33.3 53.0 58.0 38.4 69.0 62.1 53.0 80.4 72.9 11.5 86.1 38.1 41.3 56.7

Clear-to-Adverse-Weather: Cityscapes→ACDC (Test)
DAFormer [3]

M
iT

-B
0

79.0 36.0 66.1 26.9 23.3 41.9 47.2 46.0 80.2 45.4 85.4 38.4 13.2 69.6 37.4 33.3 28.7 18.5 37.0 44.9
DUDADAF 64.0 55.2 83.0 40.0 33.9 48.2 27.8 54.5 74.1 51.3 60.0 54.1 26.9 80.6 51.6 45.7 80.3 30.6 46.5 53.1
MIC [5] 66.7 48.9 74.3 42.6 23.4 47.5 58.9 57.0 82.4 53.4 67.5 43.2 18.0 75.0 51.1 42.5 66.2 21.6 42.1 51.7
DUDAMIC 90.2 65.7 87.5 48.8 35.0 53.4 59.1 62.9 75.1 58.8 87.0 62.3 41.5 85.0 60.3 67.8 86.1 42.4 55.4 64.4

DAFormer [3]

M
iT

-B
1

80.6 39.0 73.2 31.9 26.2 44.1 49.3 52.0 69.5 48.1 85.3 44.8 17.4 67.7 36.3 44.6 58.5 25.1 45.6 49.4
DUDADAF 64.6 57.5 83.6 40.8 34.8 50.2 28.9 56.2 74.7 53.7 60.1 56.9 30.8 81.6 52.6 47.4 82.8 35.0 48.0 54.7
MIC [5] 56.0 52.4 81.0 45.0 31.1 51.0 60.4 58.0 73.8 54.5 58.5 59.2 39.4 77.5 58.7 55.3 78.7 38.0 53.0 56.9
DUDAMIC 90.7 66.4 88.1 48.5 37.3 55.9 60.2 65.7 75.7 59.4 87.0 66.1 46.4 86.4 63.6 69.0 89.5 48.3 59.7 66.5

Table 6. Comparison of DUDA with DAFormer and MIC in MiT-B0 and B1 backbones in class-wise IoU. mIoU for Synthia→Cityscapes
is averaged over 16 classes.

ResNet-based methods reported in Tab. 2 in Sec. 4 (main
paper) are compared with the class-wise IoU in Tab. 9, in-
cluding DUDAMIC with DeepLab-V2 (DLV2) backbone.
In particular, the accuracy improvement is noticeable in
GTA→CS, and the Train class in DUDAMIC shows ∼ 15%
higher IoU than other UDA methods. Similarly, DUDAMIC
achieves 10% higher IoU in certain classes, such as the Wall
class in SYN→CS and Car class in CS→ACDC.

7. Additional Discussion
Vanilla KD baseline using LT. The vanilla KD baseline
(row-3) in the ablation study tables (e.g., Tab. 4 of the main
paper and Tab. 4) uses LS for distillation. We observe com-
parable performance using LT for distillation. For example,
with LT, mIoU for MiT-B1 degrades slightly (-0.07%), and
mIoU for MiT-B0 improves slightly (+0.04%) in GTA→CS
compared to using LS.
KL Loss in pre-adaptation. KL loss enriches learn-
ing by capturing class correlations using output logits.

Note, we incorporate KL loss in the pre-adaptation. In
GTA→CS for DUDADAF, the KL in the pre-adaptation im-
proves the final mIoU of MiT-B0 (65.1→65.2%) and MiT-
B1 (68.2→68.5%).

MiT-B5 as both Large (LS and LT) and Small (SS) Net-
works. As DUDA-B4 outperforms MIC-B5 in GTA→CS
and SYN→CS (Tab. 1 in the main script), we evaluate
DUDA-B5 to check whether the performance improve-
ment continues. DUDAMIC with MiT-B5 achieves mIoU
of 76.7 in GTA→CS and 68.6 in SYN→CS. DUDADAF
with MiT-B5 achieves mIoU of 70.9 in GTA→CS and 61.6
in SYN→CS. DUDA-B5 models perform very similarly to
DUDA-B4 (i.e., marginally better overall), indicating the
performance gain is now saturated. It makes sense since, in
DUDA-B5, all three networks (LS, LT, and SS) are MiT-B5
with the same capacity.

LS/LT as Teacher at Pre-adaptation and Fine-tuning.
As we have two large networks (LT and LS) to guide a
lightweight network (SS), four different setups can be con-



Method Road S.Walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike mIoU
Synthetic-to-Real: GTA→Cityscapes (Val.)

DAFormer [3]

M
iT

-B
2

94.9 63.8 88.6 47.2 34.9 48.3 54.1 57.9 89.6 49.6 91.0 67.8 39.9 90.7 61.2 67.1 59.0 50.4 58.4 63.9
DUDADAF 97.0 76.9 89.8 53.4 48.5 52.7 55.5 64.5 90.3 44.5 93.1 72.2 45.3 93.0 79.9 83.3 68.2 54.7 63.0 69.8
MIC [5] 96.8 76.4 90.9 57.4 51.3 58.8 63.9 70.6 91.4 50.0 94.1 77.0 50.0 93.9 80.0 84.2 70.2 59.1 65.1 72.7
DUDAMIC 97.5 80.7 91.7 61.7 57.0 60.6 64.3 71.3 91.8 51.5 94.0 79.6 56.1 94.5 83.7 90.0 80.1 61.2 68.1 75.5
DAFormer [3]

M
iT

-B
4

93.9 59.8 88.9 49.6 44.4 48.9 55.7 56.8 89.3 49.3 92.2 71.5 42.1 91.7 59.8 77.0 67.3 57.5 60.0 66.1
DUDADAF 97.0 77.2 90.1 54.7 51.3 53.0 57.0 65.1 90.5 45.2 93.0 73.2 45.9 93.2 81.4 82.5 64.6 60.1 64.7 70.5
MIC [5] 96.4 75.7 91.8 61.0 58.4 59.8 65.3 73.2 92.0 52.7 93.9 79.2 52.5 93.6 76.7 80.9 74.5 65.6 67.6 74.3
DUDAMIC 97.5 80.7 92.0 63.6 59.5 61.4 65.5 72.0 91.9 51.8 94.1 80.4 57.3 94.7 87.0 91.1 82.9 64.9 68.9 76.7

Synthetic-to-Real: Synthia→Cityscapes (Val.)
DAFormer [3]

M
iT

-B
2

89.7 46.9 86.8 36.0 3.8 48.4 52.6 45.1 85.8 - 92.7 72.5 41.6 86.8 - 53.0 - 47.6 60.7 59.4
DUDADAF 78.0 32.9 89.0 43.0 8.3 52.3 56.6 56.7 86.1 - 90.7 74.5 49.8 86.7 - 62.2 - 54.4 64.0 61.6
MIC [5] 91.2 58.5 89.0 44.0 3.1 57.8 65.3 64.8 88.7 - 94.3 79.5 53.4 89.1 - 56.9 - 61.7 64.5 66.4
DUDAMIC 84.9 51.3 90.0 47.7 8.7 61.7 67.6 64.4 83.1 - 95.0 81.5 60.4 89.2 - 62.2 - 64.6 65.1 67.3
DAFormer [3]

M
iT

-B
4

85.9 41.9 88.4 38.4 6.1 50.1 54.9 56.7 87.4 - 85.2 72.7 45.5 87.1 - 51.8 - 51.6 54.9 59.9
DUDADAF 78.0 32.9 88.9 43.0 8.0 52.3 57.7 57.0 86.2 - 90.8 74.7 50.3 86.9 - 66.4 - 54.6 64.0 62.0
MIC [5] 86.3 49.5 88.4 39.9 9.6 60.2 67.8 63.5 88.8 - 94.2 80.1 56.2 89.5 - 53.3 - 65.1 63.5 66.0
DUDAMIC 85.5 51.5 90.2 45.5 9.5 62.4 69.1 65.2 84.2 - 95.0 82.0 61.5 89.9 - 69.7 - 67.0 65.3 68.3

Day-to-Nighttime: Cityscapes→DarkZurich (Test)
DAFormer [3]

M
iT

-B
2

92.3 57.7 66.5 28.6 18.0 51.3 9.7 40.4 43.7 27.9 46.7 42.7 36.8 74.9 63.6 0.0 77.3 36.5 34.0 44.7
DUDADAF 93.6 68.1 75.4 45.4 17.2 53.8 45.6 49.9 58.7 39.8 66.1 50.9 47.5 81.5 53.9 3.2 89.3 55.4 37.4 54.4
MIC [5] 92.6 70.4 81.3 53.6 21.1 57.3 48.1 53.2 65.1 39.6 79.0 58.4 53.1 53.5 83.5 0.0 86.1 42.3 36.1 56.5
DUDAMIC 95.0 75.1 82.1 53.6 24.2 61.6 35.0 56.7 58.1 43.1 69.2 64.5 59.9 81.3 81.0 6.1 90.4 53.2 43.0 59.6
DAFormer [3]

M
iT

-B
4

92.7 63.5 65.9 34.7 11.5 48.1 17.0 44.4 44.4 25.1 39.0 54.5 52.7 76.7 47.6 2.7 89.0 42.6 39.9 46.9
DUDADAF 93.7 68.2 75.7 42.6 19.3 53.8 43.5 47.0 61.3 37.2 66.8 56.6 54.9 81.0 52.3 3.3 90.1 48.4 38.3 54.4
MIC [5] 95.3 76.7 83.0 55.4 25.0 63.0 35.4 57.5 59.1 44.2 70.5 66.3 55.1 81.2 80.8 12.7 90.5 42.5 44.5 59.9
DUDAMIC 95.4 77.2 82.9 55.6 25.6 62.8 35.7 57.8 59.1 43.9 70.5 66.2 58.6 81.2 81.8 13.1 91.4 42.4 44.4 60.3

Clear-to-Adverse-Weather: Cityscapes→ACDC (Test)
DAFormer [3]

M
iT

-B
2

55.7 40.3 83.8 42.2 31.8 48.1 39.9 50.5 73.7 48.2 50.6 56.1 31.0 78.6 53.9 55.5 73.0 36.0 43.5 52.2
DUDADAF 64.1 57.1 84.1 44.7 36.9 51.8 30.3 58.1 75.0 53.6 59.5 60.3 35.8 82.6 58.5 51.9 84.2 40.6 50.0 56.8
MIC [5] 53.4 55.4 81.7 53.9 37.8 55.3 59.5 62.3 80.0 55.7 56.7 63.8 39.1 82.7 71.3 67.2 81.9 43.9 55.9 60.9
DUDAMIC 91.0 67.4 88.7 50.7 39.4 57.8 60.9 67.2 76.2 60.7 87.0 69.5 48.1 88.1 71.7 78.4 90.3 51.3 59.8 68.6
DAFormer [3]

M
iT

-B
4

69.0 34.9 84.4 44.3 32.4 50.9 32.0 57.0 72.2 41.6 72.6 58.5 35.3 81.0 54.1 66.1 81.1 38.3 49.1 55.5
DUDADAF 63.2 57.9 85.0 47.6 36.6 52.2 29.6 58.2 75.1 54.4 57.6 61.8 36.9 83.3 59.4 58.7 85.7 41.9 51.0 57.7
MIC [5] 52.8 62.9 86.1 58.8 41.3 55.9 53.1 59.0 74.9 58.1 47.9 69.6 46.6 86.3 75.7 84.0 89.9 52.7 61.3 64.0
DUDAMIC 91.4 68.8 89.3 52.3 40.4 59.2 61.3 68.6 76.4 62.1 87.1 71.5 48.6 89.3 76.7 83.8 90.6 55.5 61.5 70.2

Table 7. Comparison of DUDA with DAFormer and MIC in MiT-B2 and B4 backbones in class-wise IoU. mIoU for Synthia→Cityscapes
is averaged over 16 classes.

sidered in KD teacher, e.g., LT/LS at the pre-adaptation
and LT/LS at the fine-tuning. DUDA employs two large
networks (LT and LS) in a multi-teacher setup, where
different large networks are used at the pre-adaptation
and fine-tuning phases. Our experiments show the multi-
teacher setup performs slightly better than the same-teacher
setup. Relative mIoU differences are as follows: (multi-
teacher) LT→LS (DUDA): +0.0% LS→LT: +0.1% and
(same-teacher) LT→LT: -0.5% LS→LS: -0.2%, showing
the multi-teacher setup in DUDA is effective.

Upper Bound of Small Model’s Performance. In or-
der to better understand the contribution of the UDA side,
we investigate the upper bound of small models when dis-
tilled by large models in a supervised setup. When dis-
tilled from a large MiT-B5 (trained in a supervised setup
on Cityscapes), the performance of the smaller models is:
mIoU of 75.4 for MiT-B0, mIoU of 77.5 for MiT-B1. In
contrast, our GTA→Cityscapes DUDAMIC models, trained
unsupervised, exhibit only a marginal performance decrease
(See Tab. 1 in the main paper, or Tab. 8): MiT-B0 mIoU

71.7, MiT-B1 mIoU 73.3.
Static Inconsistency-based Weighting during Fine-
tuning. The general approach to balanced loss involves
statically weighting the loss based on the distribution in the
entire dataset, and our method follows this practice. Also,
during the fine-tuning stage with inconsistency-based bal-
anced loss, the class distribution remains constant since the
teacher model is frozen.



Method Road S.Walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike mIoU
Synthetic-to-Real: GTA→Cityscapes (Val.)

HRDA [4] 96.4 74.4 91.0 61.6 51.5 57.1 63.9 69.3 91.3 48.4 94.2 79.0 52.9 93.9 84.1 85.7 75.9 63.9 67.5 73.8
DiGA [15] 97.0 78.6 91.3 60.8 56.7 56.5 64.4 69.9 91.5 50.8 93.7 79.2 55.2 93.7 78.3 86.9 77.8 63.7 65.8 74.3
GANDA [8] 96.5 74.8 91.4 61.7 57.3 59.2 65.4 68.8 91.5 49.9 94.7 79.6 54.8 94.1 81.3 86.8 74.6 64.8 68.2 74.5
RTea [27] 97.1 75.2 92.6 63.5 51.8 58.2 66.5 71.2 91.1 49.0 96.8 81.5 54.2 94.2 84.8 86.6 75.7 62.2 66.7 74.7
BLV [21] 96.7 76.6 91.5 61.2 56.9 59.4 62.2 72.8 91.5 51.2 94.3 77.5 54.7 93.5 83.2 84.7 79.7 68.1 67.6 74.9
IR2F-RMM [2] 97.5 80.0 91.0 60.0 53.3 56.2 63.9 72.4 91.7 51.0 94.2 79.0 51.1 94.3 84.7 86.7 75.9 62.6 67.8 74.4
CDAC [19] 97.1 78.7 91.8 59.6 57.1 59.1 66.1 72.2 91.8 53.1 94.5 79.4 51.6 94.6 84.9 87.8 78.7 64.9 67.6 75.3
PiPa [1] 96.8 76.3 91.6 63.0 57.7 60.0 65.4 72.6 91.7 51.8 94.8 79.7 56.4 94.4 85.9 88.4 78.9 63.5 67.2 75.6
MIC [5] 97.4 80.1 91.7 61.2 56.9 59.7 66.0 71.3 91.7 51.4 94.3 79.8 56.1 94.6 85.4 90.3 80.4 64.5 68.5 75.9
MICDrop [24] 97.6 81.5 92.0 62.8 59.4 62.6 62.9 73.6 91.6 52.6 94.1 80.2 57.0 94.8 87.4 90.7 81.6 65.3 67.8 76.6
DUDAMIC (B4) 97.5 80.7 92.0 63.6 59.5 61.4 65.5 72.0 91.9 51.8 94.1 80.4 57.3 94.7 87.0 91.1 82.9 64.9 68.9 76.7
DUDAMIC (B2) 97.5 80.7 91.7 61.7 57.0 60.6 64.3 71.3 91.8 51.5 94.0 79.6 56.1 94.5 83.7 90.0 80.1 61.2 68.1 75.5
DUDAMIC (B1) 97.3 79.6 91.0 54.4 53.9 59.0 62.2 70.8 91.6 50.2 93.9 78.3 53.7 94.2 82.3 84.5 70.8 58.1 67.0 73.3
DUDAMIC (B0) 97.1 78.3 90.6 56.3 51.0 56.8 58.3 68.1 91.2 49.2 93.7 76.4 50.0 93.3 76.7 82.4 71.2 56.7 65.5 71.7

Synthetic-to-Real: Synthia→Cityscapes (Val.)
HRDA [4] 85.2 47.7 88.8 49.5 4.8 57.2 65.7 60.9 85.3 - 92.9 79.4 52.8 89.0 - 64.7 - 63.9 64.9 65.8
DiGA [15] 88.5 49.9 90.1 51.4 6.6 55.3 64.8 62.7 88.2 - 93.5 78.6 51.8 89.5 - 62.2 - 61.0 65.8 66.2
GANDA [8] 89.1 50.6 89.7 51.4 6.7 59.4 66.8 57.7 86.7 - 93.8 80.6 56.9 90.7 - 64.8 - 62.6 65.0 67.0
RTea [27] 87.8 49.0 90.3 50.3 5.5 58.6 66.0 61.4 86.8 - 93.1 79.5 53.1 89.5 - 65.1 - 63.7 64.6 66.5
BLV [21] 87.6 47.9 90.5 50.4 6.9 57.1 64.3 65.3 86.9 - 93.4 78.9 54.9 89.1 - 62.9 - 65.2 66.8 66.8
IR2F-RMM [2] 90.4 54.9 89.4 48.0 7.4 59.0 65.5 63.2 87.8 - 94.1 80.5 55.8 90.0 - 65.9 - 64.5 66.8 67.7
CDAC [19] 93.1 68.5 89.8 51.2 8.9 59.4 65.5 65.3 84.7 - 94.4 81.2 57.0 90.5 - 56.9 - 66.8 66.4 68.7
PiPa [1] 88.6 50.1 90.0 53.8 7.7 58.1 67.2 63.1 88.5 - 94.5 79.7 57.6 90.8 - 70.2 - 65.1 66.9 68.2
MIC [5] 86.6 50.5 89.3 47.9 7.8 59.4 66.7 63.4 87.1 - 94.6 81.0 58.9 90.1 - 61.9 - 67.1 64.3 67.3
MICDrop [24] 82.8 42.6 90.5 51.6 9.6 61.0 65.7 65.0 89.1 - 95.0 81.1 59.7 90.6 - 68.3 - 67.4 66.5 67.9
DUDAMIC (B4) 85.5 51.5 90.2 45.5 9.5 62.4 69.1 65.2 84.2 - 95.0 82.0 61.5 89.9 - 69.7 - 67.0 65.3 68.3
DUDAMIC (B2) 84.9 51.3 90.0 47.7 8.7 61.7 67.6 64.4 83.1 - 95.0 81.5 60.4 89.2 - 62.2 - 64.6 65.1 67.3
DUDAMIC (B1) 85.2 52.4 89.5 46.9 7.8 59.7 65.4 63.7 82.4 - 95.0 80.2 57.9 90.1 - 64.8 - 62.9 64.3 66.8
DUDAMIC (B0) 85.7 52.5 88.9 43.9 8.6 56.8 62.0 61.2 82.9 - 94.5 78.4 53.1 89.7 - 62.1 - 60.7 63.0 65.3

Day-to-Nighttime: Cityscapes→DarkZurich (Test)
HRDA [4] 90.4 56.3 72.0 39.5 19.5 57.8 52.7 43.1 59.3 29.1 70.5 60.0 58.6 84.0 75.5 11.2 90.5 51.6 40.9 55.9
IR2F-RMM [2] 94.7 75.1 73.2 44.4 25.7 60.6 39.0 47.4 70.2 41.6 77.3 62.4 55.5 86.4 55.5 20.0 92.0 55.3 42.8 58.9
MIC [5] 94.8 75.0 84.0 55.1 28.4 62.0 35.5 52.6 59.2 46.8 70.0 65.2 61.7 82.1 64.2 18.5 91.3 52.6 44.0 60.2
DUDAMIC (B4) 95.4 77.2 82.9 55.6 25.6 62.8 35.7 57.8 59.1 43.9 70.5 66.2 58.6 81.2 81.8 13.1 91.4 42.4 44.4 60.3
DUDAMIC (B2) 95.0 75.1 82.1 53.6 24.2 61.6 35.0 56.7 58.1 43.1 69.2 64.5 59.9 81.3 81.0 6.1 90.4 53.2 43.0 59.6
DUDAMIC (B1) 94.5 72.4 80.9 50.7 21.8 60.3 33.3 53.0 58.0 38.4 69.0 62.1 53.0 80.4 72.9 11.5 86.1 38.1 41.3 56.7
DUDAMIC (B0) 94.7 73.7 79.5 49.5 17.7 57.3 32.0 49.0 57.1 39.7 68.2 58.2 49.1 79.9 78.9 1.8 86.2 31.4 38.7 54.9

Clear-to-Adverse-Weather: Cityscapes→ACDC (Test)
HRDA [4] 88.3 57.9 88.1 55.2 36.7 56.3 62.9 65.3 74.2 57.7 85.9 68.8 45.7 88.5 76.4 82.4 87.7 52.7 60.4 68.0
CDAC [19] 87.0 56.7 84.5 53.5 34.3 54.6 43.6 51.4 71.7 58.6 85.4 68.7 45.7 89.0 70.9 81.5 90.1 47.6 59.0 64.9
MIC [5] 90.8 67.1 89.2 54.5 40.5 57.2 62.0 68.4 76.3 61.8 87.0 71.3 49.4 89.7 75.7 86.8 89.1 56.9 63.0 70.4
DUDAMIC (B4) 91.4 68.8 89.3 52.3 40.4 59.2 61.3 68.6 76.4 62.1 87.1 71.5 48.6 89.3 76.7 83.8 90.6 55.5 61.5 70.2
DUDAMIC (B2) 91.0 67.4 88.7 50.7 39.4 57.8 60.9 67.2 76.2 60.7 87.0 69.5 48.1 88.1 71.7 78.4 90.3 51.3 59.8 68.6
DUDAMIC (B1) 90.7 66.4 88.1 48.5 37.3 55.9 60.2 65.7 75.7 59.4 87.0 66.1 46.4 86.4 63.6 69.0 89.5 48.3 59.7 66.5
DUDAMIC (B0) 90.2 65.7 87.5 48.8 35.0 53.4 59.1 62.9 75.1 58.8 87.0 62.3 41.5 85.0 60.3 67.8 86.1 42.4 55.4 64.4

Table 8. Comparison of DUDA with prior UDA Semantic Segmentation methods in SegFormer-based networks in class-wise IoU. mIoU
for Synthia→Cityscapes is averaged over 16 classes.



Method Road S.Walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike mIoU
Synthetic-to-Real: GTA→Cityscapes (Val.)

ADVENT [18] 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
CBST [30] 89.6 58.9 78.5 33.0 22.3 41.4 48.2 39.2 83.6 24.3 65.4 49.3 20.2 83.3 39.0 48.6 12.5 20.3 35.3 47.0
CRST [31] 91.7 45.1 80.9 29.0 23.4 43.8 47.1 40.9 84.0 20.0 60.6 64.0 31.9 85.8 39.5 48.7 25.0 38.0 47.0 49.8
DACS [16] 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
ProDA [26] 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
Fredom [17] 90.9 54.1 87.8 44.1 32.6 45.2 51.4 57.1 88.6 42.6 89.5 68.8 40.0 89.7 58.4 62.6 55.3 47.7 58.1 61.3
RTea [27] 95.4 67.1 87.9 46.1 44.0 46.0 53.8 59.5 89.7 49.8 89.8 71.5 40.5 90.8 55.0 57.9 22.1 47.7 62.5 61.9
DiGA [15] 95.6 67.4 89.8 51.6 38.1 52.0 59.0 51.5 86.4 34.5 87.7 75.6 48.8 92.5 66.5 63.8 19.7 49.6 61.6 62.7
CONFETI [7] 96.5 75.6 88.9 45.1 45.9 50.1 61.2 68.2 89.4 45.7 86.3 76.3 49.9 92.2 55.1 62.8 16.7 33.8 63.1 63.3
HRDA [4] 96.2 73.1 89.7 43.2 39.9 47.5 60.0 60.0 89.9 47.1 90.2 75.9 49.0 91.8 61.9 59.3 10.2 47.0 65.3 63.0
MIC [5] 96.5 74.3 90.4 47.1 42.8 50.3 61.7 62.3 90.3 49.2 90.7 77.8 53.2 93.0 66.2 68.0 6.8 38.0 60.6 64.2
DUDAMIC (R101) 97.7 80.9 91.1 49.8 55.5 57.7 62.6 70.0 91.4 50.9 94.1 78.6 56.7 94.2 81.9 85.5 71.2 59.8 66.9 73.5
DUDAMIC (R50) 97.4 79.4 91.1 54.6 54.2 56.3 62.1 69.2 91.1 47.3 93.7 76.5 53.1 93.9 79.0 84.5 73.6 59.7 66.3 72.8
DUDAMIC (R18) 97.0 77.0 89.8 47.8 49.1 54.3 57.8 66.7 90.7 47.1 92.7 73.8 48.7 93.2 73.5 79.1 60.8 54.8 63.1 69.3

Synthetic-to-Real: Synthia→Cityscapes (Val.)
ADVENT [18] 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
CBST [30] 53.6 23.7 75.0 12.5 0.3 36.4 23.5 26.3 84.8 - 74.7 67.2 17.5 84.5 - 28.4 - 15.2 55.8 42.5
CRST [31] 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
DACS [16] 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
ProDA [26] 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
*DAFormer [3] 62.1 24.7 85.2 24.5 3.7 38.6 44.8 50.9 84.9 - 84.1 69.6 40.6 86.1 - 51.7 - 46.5 55.2 55.3
GANDA [8] 87.1 45.8 86.1 28.9 4.8 37.1 40.6 45.0 87.0 - 87.9 69.1 39.8 89.9 - 59.8 - 33.8 57.2 56.3
Fredom [17] 86.0 46.3 87.0 33.3 5.3 48.7 53.4 46.8 87.1 - 89.1 71.2 38.1 87.1 - 54.6 - 51.3 59.9 59.1
RTea [27] 93.2 59.6 86.3 31.3 4.8 43.1 41.8 44.0 88.6 - 90.5 70.4 42.6 89.5 - 56.7 - 40.2 59.9 58.9
DiGA [15] 89.1 53.4 86.1 28.7 3.0 49.6 50.6 34.9 88.2 - 84.9 71.3 40.9 91.6 - 75.1 - 50.3 65.8 60.2
CONFETI [7] 83.8 44.6 86.9 15.4 3.7 44.3 56.9 55.5 84.9 - 86.2 73.8 46.8 90.1 - 57.1 - 46.0 63.2 58.7
HRDA [4] 85.8 47.3 87.3 27.3 1.4 50.5 57.8 61.0 87.4 - 89.1 76.2 48.5 87.3 - 49.3 - 55.0 68.2 61.2
MIC [5] 84.7 45.7 88.3 29.9 2.8 53.3 61.0 59.5 86.9 - 88.8 78.2 53.3 89.4 - 58.8 - 56.0 68.3 62.8
DUDAMIC (R101) 88.7 54.2 90.0 47.9 8.6 59.0 65.7 62.9 86.8 - 94.3 80.5 59.5 90.4 - 62.6 - 61.1 65.5 67.4
DUDAMIC (R50) 88.3 50.5 89.7 48.6 9.1 57.6 65.3 62.3 89.3 - 94.0 79.1 58.2 90.2 - 65.5 - 62.6 65.6 67.2
DUDAMIC (R18) 87.4 48.7 88.5 42.1 9.0 52.3 58.8 58.4 88.9 - 93.6 75.0 52.8 88.8 - 58.1 - 53.9 62.2 63.7

Day-to-Nighttime: Cityscapes→DarkZurich (Test)
ADVENT [18] 85.8 37.9 55.5 27.7 14.5 23.1 14.0 21.1 32.1 8.7 2.0 39.9 16.6 64.0 13.8 0.0 58.8 28.5 20.7 29.7
MGCDA [14] 80.3 49.3 66.2 7.8 11.0 41.4 38.9 39.0 64.1 18.0 55.8 52.1 53.5 74.7 66.0 0.0 37.5 29.1 22.7 42.5
DANNet [22] 90.0 54.0 74.8 41.0 21.1 25.0 26.8 30.2 72.0 26.2 84.0 47.0 33.9 68.2 19.0 0.3 66.4 38.3 23.6 44.3
*DAFormer [3] 84.2 56.5 67.4 32.5 14.8 46.1 32.6 44.7 33.8 23.3 1.8 50.2 43.0 74.7 69.4 8.5 54.3 28.6 36.0 44.2
HRDA [4] 88.7 65.5 68.3 41.9 18.1 50.6 6.0 39.6 33.3 34.4 0.3 57.6 51.7 75.0 70.9 8.5 63.6 41.0 38.8 44.9
MIC [5] 82.8 69.6 75.5 44.0 21.0 51.1 43.4 48.3 39.3 37.1 0.0 59.4 53.6 73.6 74.2 9.2 78.7 40.0 37.2 49.4
DUDAMIC (R101) 94.1 72.2 78.0 45.6 23.8 58.0 32.7 52.8 56.4 33.1 68.9 63.1 55.8 76.4 85.4 12.1 61.9 38.7 40.3 55.2
DUDAMIC (R50) 93.5 69.1 78.7 47.1 19.6 57.3 32.4 49.2 55.0 36.1 68.0 62.4 52.9 76.9 75.0 1.8 74.8 41.2 39.7 54.2
DUDAMIC (R18) 92.8 66.0 76.0 42.7 20.1 53.4 30.5 46.5 51.7 33.8 65.4 53.8 38.7 71.3 53.8 3.1 68.0 32.7 35.7 49.3

Clear-to-Adverse-Weather: Cityscapes→ACDC (Test)
ADVENT [18] 72.9 14.3 40.5 16.6 21.2 9.3 17.4 21.2 63.8 23.8 18.3 32.6 19.5 69.5 36.2 34.5 46.2 26.9 36.1 32.7
MGCDA [14] 73.4 28.7 69.9 19.3 26.3 36.8 53.0 53.3 75.4 32.0 84.6 51.0 26.1 77.6 43.2 45.9 53.9 32.7 41.5 48.7
DANNet [22] 84.3 54.2 77.6 38.0 30.0 18.9 41.6 35.2 71.3 39.4 86.6 48.7 29.2 76.2 41.6 43.0 58.6 32.6 43.9 50.0
*DAFormer [3] 76.3 48.1 78.0 34.7 26.9 38.3 50.7 52.8 70.0 45.1 78.4 54.5 28.3 78.1 47.9 43.6 70.3 22.6 49.2 52.3
HRDA [4] 84.9 63.2 83.1 33.1 32.3 46.0 42.7 55.4 69.2 52.8 83.1 63.2 37.8 78.1 48.5 58.5 62.4 42.8 57.2 57.6
MIC [5] 88.7 63.9 84.1 38.4 35.7 45.7 51.5 60.3 72.7 52.3 85.8 62.5 39.8 84.7 37.7 68.7 71.9 46.0 56.5 60.4
DUDAMIC (R101) 89.9 64.7 87.1 40.3 37.4 55.3 61.9 66.9 75.2 58.8 87.0 66.3 40.7 87.5 63.6 75.3 85.9 50.8 57.7 65.9
DUDAMIC (R50) 89.3 63.2 86.4 40.3 37.1 54.3 59.9 65.8 75.2 57.5 87.0 65.9 39.5 85.9 56.4 66.4 79.4 47.6 56.1 63.9
DUDAMIC (R18) 88.2 60.0 84.6 38.4 34.3 49.9 53.8 54.2 74.1 54.9 86.8 58.6 33.8 79.1 47.1 36.8 75.7 35.1 50.5 57.7

Table 9. Comparison of DUDA with prior UDA Semantic Segmentation methods in ResNet-based networks in class-wise IoU. mIoU for
Synthia→Cityscapes is averaged over 16 classes. SSG [12] and DAFormer [3] in GTA→Cityscapes are omitted since the class-wise IoU
is not provided in the literature. *DAFormer results are implemented by ourselves.
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