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Supplementary Material

Algorithm 1 Training Algorithm of UniMoS

Input: Labeled source data {«*®, y°}, unlabeled target data
xt, maximum epoch number maz _epoch, pretrained CLIP
text encoder g;,+ and vision encoder g,;s.
Output: Trained modality separator G+, G5, and trained
linear layers @1, ®,.

1: Let epoch = 0.

2: while epoch < max_epoch do

3:  Obtain teacher output yj, . via Eq. (1).
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if epoch mod 2 == 0 then
Take mixed outputs as target vision pseudo label
via Eq. (3).
else
Obtain target vision pseudo label y! .. via Eq. (2).
end if
Obtain CLIP-extracted vision features {f:, fi} =
Guis(x®, ') and text features 11; = gt (L;).
10:  Obtain LAC outputs ¢, by Eq. (4).
11:  Obtain VAC outputs 4, by Eq. (5).
12:  Obtain ensemble outputs §.,s by Eq. (7).
13:  Obtain modality discrimination outputs yg4;s by
Eq. (6).
14:  Update network parameters via Eq. (8).
15:  Let epoch = epoch + 1
16: end while
17: return solution
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1. Training algorithm

For clarity, we give full training algorithm of UniMoS. We
first obtain teacher output from CLIP’s zero-shot inference
results by Eq. (1):

Yiae = (=1 la—=1, - [ lk=1), 1 = cos(pi, f)/T. (1)
Then obtain pseudo label by Eq. (2):
yae = arg max cos(f}, o). @)

To avoid potential error accumulations [2] in pseudo labels,
we directly apply mixed outputs from both modalities as
pseudo labels in certain epochs:

:gf)ac =A- yf}ac + (1 - >‘) : g;ac’ (3)

where A is a fixed mixup ratio 0.3 that combines outputs
from both modalities for inference. LAC and VAC outputs
are obtained via Eq. (4) and Eq. (5), respectively.

glac = ([1, lA2> e Zk)a ii = COS(,U/iv flac)/T- (4)

gvac = (I)Q(fb)v fb = q)l(fvac)~ (5)

We further train a modality discriminator to align modality
features from both domains via Eq. (6):

Lice = *[ydis log yAdis + (1 - ydis) 10g(1 - gdis)]a (6)

We assemble LAC and VAC during training to facilitate
modality information exchanges by Eq. (7):

géns =w- Qﬂiac + (1 - w) : g?ac’ (7)

Note that the w in Eq. (7) is trainable, which dynamically
changes to suit different training phases. While the A in
Eq. (3) is fixed and only used for retrieving pseudo labels
and inference, thus does not affect training. Based on the
training objectives:

6Gmt = arg min Elac + '-Yﬁortho + 7£bcey (8)
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ew, 9@1, 9@2 = arg min ﬁvac,
Ow 00, .00,

Op = arg min ’V‘Cbc&
0p

we update the trainable parameters. Training algorithm is
given in Algorithm 1. Please refer to main paper for full
descriptions of the equations above.

All trainable modules in UniMoS are fully-connected
linear layers, which brings very low computation costs.
Specifically, the modality separators Gy,t, Gyis are two
separate linear layers of shape (d,,d,). The bottleneck
feature dimension d; is 256, thus ®; is of shape (d,,256)
with batch normalization, and ®, is of shape (256,K).
The modality discriminator D consists of two linear lay-
ers (d,,256) and (256,1) with a ReLU activation layer. The
weight generator W consists of two linear layers (d,,,256)
and (256,1) with a Sigmoid activation layer.

2. Additional experiments

In this section we provide full results of our experiments.

Mini-DomainNet.  We present full results on Mini-
DomainNet [8, 13, 21] in Tab. 1 using two backbones. We
set = 0.1, 5 = 1 and v = 0.01 for all tasks. We can
observe significant improvements over current SOTA AD-
CLIP [14] by 2.8% in average with ResNet50 [4], and 0.4%
improvement using ViT [1]. We are unable to compare with



Table 1. Results on Mini-DomainNet. Best results are marked in bold font. Methods with ‘*’ are based on CLIP.

Method | Backbone | clp—pnt clp—rel clp—skt pnt—clp pnt—rel pnt—skt rel—clp rel—pnt rel—sskt skt—clp skt—pnt skt—rel | Avg.
CLIP* [11] 67.9 84.8 62.9 69.1 84.8 62.9 69.2 67.9 62.9 69.1 67.9 84.8 71.2
DAPrompt* [3] ResNetS0 72.4 87.6 65.9 72.7 87.6 65.6 73.2 72.4 66.2 73.8 72.9 87.8 74.8
ADCLIP* [14] 71.7 88.1 66.0 732 86.9 65.2 73.6 73.0 68.4 723 74.2 893 | 752
UniMoS# (ours) 76.0 88.9 72.1 75.5 89.2 71.1 75.1 75.9 70.5 76.4 76.3 88.9 78.0
CLIP* [11] 80.3 90.5 77.8 82.7 90.5 77.8 82.7 80.3 77.8 82.7 80.3 90.5 82.8
DAPrompt* [3] VITB 83.3 92.4 81.1 86.4 92.1 81.0 86.7 83.3 80.8 86.8 83.5 91.9 85.8
ADCLIP* [14] 84.3 93.7 82.4 87.5 93.5 82.4 87.3 84.5 81.6 87.9 84.8 93.0 86.9
UniMoS# (ours) 86.2 93.2 83.2 86.9 93.2 83.2 86.8 86.0 82.8 87.0 86.2 93.3 87.3
Table 2. Results on Office-Home. Best results are marked in bold font. Methods with ‘** are based on CLIP.
Method | Backbone | A5C A—P A—R C—A C—P C—»R P-A P-C P-R R—A R—C R-P | Avg
SourceOnly [4] 34.9 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 | 46.1
ParetoDA [6] 56.8 75.9 80.5 64.4 73.5 73.7 65.6 55.2 81.3 75.2 61.1 83.9 | 70.6
CLIP* [11] 51.7 81.5 82.3 71.7 81.5 82.3 71.7 51.7 82.3 71.7 51.7 81.5 | 71.8
SDAT [12] 58.2 77.1 82.2 66.3 77.6 76.8 63.3 57.0 82.2 74.9 64.7 86.0 | 72.2
MSGD [18] 58.7 76.9 78.9 70.1 76.2 76.6 69.0 57.2 82.3 74.9 62.7 84.5 | 72.3
Fixbi [10] 58.1 77.3 80.4 67.7 79.5 78.1 65.8 579 81.7 76.4 62.9 86.7 | 72.7
CST [9] 59.0 79.6 83.4 68.4 77.1 76.7 68.9 56.4 83.0 75.3 62.2 85.1 72.9
ATDOC [7] ResNet50 | 60.2 77.8 82.2 68.5 78.6 77.9 68.4 58.4 83.1 74.8 61.5 872 | 732
KUDA [15] 58.2 80.0 82.9 71.1 803 807 713 568 832 755 603 86.6 | 73.9
DAPrompt* [3] 54.1 84.3 84.8 744 837 850 745 546 848 752 5477 83.8 | 745
EIDCo [22] 63.8 80.8 82.6 71.5 80.1 80.9 72.1 61.3 84.5 78.6 65.8 87.1 75.8
ICON [20] 63.3 81.3 84.5 70.3 82.1 81.0 70.3 61.8 83.7 75.6 68.6 873 | 75.8
ADCLIP* [14] 55.4 85.2 85.6 76.1 85.8 86.2 76.7 56.1 85.4 76.8 56.1 85.5 | 759
PADCLIP* [5] 57.5 84.0 83.8 77.8 85.5 84.7 76.3 59.2 85.4 78.1 60.2 86.7 | 76.6
UniMoS* (ours) 59.5 89.4 86.9 75.2 89.6 86.8 75.4 58.4 87.2 76.9 59.5 89.7 779
SourceOnly [1] 54.7 83.0 87.2 77.3 83.4 85.5 74.4 50.9 87.2 79.6 53.8 88.8 | 75.5
CLIP* [11] 67.8 89.0 89.8 82.9 89.0 89.8 82.9 67.8 89.8 82.9 67.8 89.0 | 824
TVT [19] 74.9 86.8 89.5 82.8 88.0 88.3 79.8 71.9 90.1 85.5 74.6 90.6 | 83.6
DAPrompt* [3] VITB 70.6 90.2 91.0 84.9 89.2 90.9 84.8 70.5 90.6 84.8 70.1 90.8 | 84.0
SSRT [16] 75.2 89.0 91.1 85.1 88.3 89.9 85.0 74.2 91.2 85.7 78.6 91.8 | 854
ADCLIP* [14] 70.9 92.5 92.1 85.4 92.4 92.5 86.7 74.3 93.0 86.9 72.6 93.8 | 86.1
PADCLIP* [5] 764 90.6 908 86.7 923 920 8.0 745 915 869 791 93.1 | 86.7
UniMoS* (ours) 749 940 925 864 943 925 860 739 93.0 864 742 945 86.9
CLIP* [11] 74.2 93.1 93.3 87.3 93.1 93.3 87.3 74.2 93.3 87.3 74.2 93.1 87.0
DAPrompt* [3] VIT.L 773 946 943 886 946 940 838 768 940 89.0 77.8 944 | 88.7
ADCLIP* [14] 80.3 954  95.7 909 955 952 901 796 95.1 90.8 81.1 959 | 90.5
UniMoS* (ours) 809 962 95.1 90.1 96.1 95.1 90.0 814 952 899 81.6 963 90.7

PADCLIP [5] since no public code implementation is avail-
able yet.

Office-Home. We provide full results on Office-Home [17]
in Tab. 2 using ResNet50 and two variants of ViT as
backbone. Utilizing the rich pretrain knowledge in CLIP,
CLIP-based methods achieve higher accuracies than single-
modality UDA methods. Our method further consis-
tently outperforms all competing methods on all backbones,
demonstrating the efficacy of adapting both modalities.
Computation analysis. We provide comprehensive com-
putation analysis in Tab. 3. The GPU memory consumption
is computed using consistent batch size of 32. The results
on DomainNet is computed on task ‘clp—inf’. Note our
method requires only one forward through CLIP to obtain
pre-extracted features, and we have included the time for

pre-extraction in the ‘Train time’ columns. According to
Sec. 1, only a few linear layers is trained in our method,
which brings significant computation efficiency, allowing
agile applications of our method. We can observe that
the trainable parameters of DAPrompt differs on different
datasets. The reason is that DAPrompt trains the prompt
embedding for each class respectively, therefore the train-
able parameters and GPU consumption increase drastically
as class number increases from 12 (VisDA) to 345 (Do-
mainNet).

Learnable ensemble weight w. Fig. | provides additional
examples on the effects of dynamic ensemble weight on
three tasks from Office-Home dataset. We can draw the con-
clusion that the accuracy of VAC drops drastically without
learning ensemble weight w, which further affects the over-
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Figure 1. Examples on the effects of ensemble weight w.

Table 3. Computation analysis. Best results are marked in bold font. Methods with ‘** are based on CLIP.

Method ‘ Dataset ‘ Backbone ‘ Param. Throughput (imges/s) Traintime FLOPs GPU mem. | Acc.
DAPrompt* 1.2M 244 4.3H 11.3G 6.9G 86.9
FixBi 86.1M 102 5.5H 15.73G 17.0G 87.2
CAN VisDA ResNet101 | 42.5M 31 10.5H 7.9G 11.3G 87.2
PADCLIP* - - 23.5H - - 88.5
UniMoS* (ours) 0.79M 2667 0.5H <0.01G 1.8G 88.1
PMTrans \ Swin \ 89.5M 46 30H 15.2G 19.3G \ 524
DAPrompyr | POmAMNEt || 345m 31 79H 739G 225G | 598
UniMoS* (ours) 0.79M 2827 0.4H <0.01G 2.9G 63.6

all mixed output accuracy. We can observe in Fig. 1b that
although accuracy of “VAC output w/o learnable w’ is lower
than the full design, the final ‘Mixed output w/o learnable
w’ achieves comparable accuracy with the full design. The
reason is that the task P—R is relatively easier, thus com-
plementary knowledge in LAC is able to support VAC for
classification.
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