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The supplementary material is organized as follows: Section A shows the
comparison of our two datasets with the state-of-the-art cross-domain datasets.
Section B describes the details of generating the TINYDA dataset. Section C shows
the detailed information about DOMAINBANK dataset. Section D introduces the
detailed network framework for experiments on TINYDA dataset. Section E shows
the additional experimental analysis. Section F shows the category information
in the openset domain adaptation experiments.

A Comparison to modern datasets

Dataset Year| Images Classes Domains| Description
Digit-Five - |~100,000 10 5 digit
Office [1] 2010| 4,110 31 3 office
Office-Caltech [2] [2012| 2,533 10 4 office
CAD-Pascal [3] |2015| 12,000 20 6 animal,vehicle
Office-Home [4] [2017| 15,500 65 4 office, home
PACS [9] 2017 9,991 7 4 animal, stuff
Open MIC [6] 2018| 16,156 - - museum
Syn2Real [7] 2018| 280,157 12 3 animal,vehicle
DomainNet [8] 2019 569,010 345 6 clipart,sketch
TinyDA (Ours) - | 965,619 10 or 26 54 tiny images
DomainBank (Ours)| - | 339,772 - 55 dataset

Table 1. A collection of most notable datasets to evaluate domain adaptation methods.
Specifically, “Digit-Five” dataset indicates five most popular digit datasets (MNIST [9],
MNIST-M [10], Synthetic Digits [10], SVHN, and USPS) which are widely used to
evaluate domain adaptation models. Our dataset is challenging as it contains more
images and domains than other datasets.

B TinyDA Generation

The images from TINYDA dataset are generated by blending different foreground
shapes over patches randomly extracted from background images. In the first
step, we select a foreground shape from the following five MNIST-style datasets:
MNIST [11], USPS [12], EMNIST [13], KMNIST [14], QMNIST [15], and Fashion-
MNIST [16]. Secondly, we choose a background pattern from the CIFAR10 [17]
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dataset or randomly cropped from BSD500 [18] dataset. Thirdly, we perform
three different post-process to our rendered images: (1) replace the background
with black patch, (2) replace the background with white path, (3) convert the
generated images to grayscale images. These three post-processes, together with
the original foreground images and the generated color images, form a dataset
with five different modes, i.e. Black Background (BB), White Background (WB),
GrayScale image (GS), Color (Cr) image, Original image( Or). In total, we gen-
erate a dataset with 54 domains and about one million MNIST-style training
examples.

The image examples of our TINYDA dataset are shown in Table 2. Specifically,
the upper and below table show the images generated with backgrounds from
BSDS500 [18] and CIFARIO [17], respectively. The image number of each domain
in TINYDA dataset can be seen from Table 3.
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Fig. 1. Generation configuration for TINYDA dataset. We create our TinyDA dataset
with six foregrounds, two backgrounds and five modes. The foreground images are from
MNIST [11], USPS [12], EMNIST [13], KMNIST [14], QMNIST [15], FashionMNIST [16].
The background images are randomly sampled from CIFAR10 [17] or randomly cropped
from BSDS500 [18] dataset. The five modes include “Black Background”, “White
Background”, “Color”, “GrayScale”, and “Original”.
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FG/Mode Black BG ~ White BG Color Grayscale Original
MNIST '
USPS
FashionMNIST i &
KMNIST l’iési‘ é%
QMNIST ] ' 3 %
EMNIST
MNIST
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FashionMNIST
KMNIST
QMNIST
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Table 2. Illustratlon of TINYDA dataset. We create our TINYDA dataset with six
foregrounds, two backgrounds, and five modes. The upper and below table show the
images generated with backgrounds from BSDS500 [18] and CIFAR10 [17], respectively.

FG/Mode |Black BG|White BG|Color Grayscale|Original
MNIST 40,000 40,000 |40,000 40,000 | 20,000
USPS 14,582 14,582 14,582 14,582 7291
FashionMNIST| 40,000 40,000 |40,000 40,000 | 20,000
KMNIST 40,000 40,000 |40,000 40,000 | 20,000
QMNIST 40,000 40,000 |40,000 40,000 | 20,000
EMNIST 40,000 40,000 |40,000 40,000 | 20,000
Table 3. Number of images in each domain of TINYDA dataset.
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Table 4. Illustration of DOMAINBANK dataset.
the ID in Table 5.

The ID is this table is correspondmg to
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ID Dataset Name Image# | Description || ID Dataset Name Image# | Description
1 CUFSF [19] 1,194 | face_sketch || 2 COCO [20] 10,000 real

3 PASCAL [21] 10,000 realh 4 DomainNet [8] 10,000 real

5 SYNTHIA [22] 10,000 | street_syn || 6 UIUC CAR [23] 1,220 car

7 ZuDuB [24] 210 building 8 Bark-101 [27] 2,586 bark

9 DomainNet [8] 10,000 sketch 10 Open-MIC [6] 10,000 indoor
11 DomainNet [3] 10,000 clipart 12 Caltech256 [20] 10,000 real
13| Ped. Detection [27] | 10,000 | pedestrian ||14 Traffic Sign [28] 4,053 traffic
15 UKBench [29] 10,000 |indoor_stuff|{|16| Oxford Flower [30] 8,189 flower
17| Caltech Games [31]| 7,660 |game_cover ||18|Oxford Buildings [32]| 5,063 building
19| GFW Face [33] 3,236 face 20 Driving [34] 9,420 road
21 MegaAge [35] 10,000 face 22 ADE20K [36] 10,000 indoor
23| Ped. Color [37] 10,000 | pedestrian ||24| LabelMeFacade [38] 395 building
25|UT Zappos50K  [39]| 10,000 shoes 26 TRANCOS [40] 1,244 traffic
27 FGVC [40] 10,000 | aeroplane ||28| Mall Dataset [41] 2,000 mall
29 Chars74K [12] 7,705 | character ||30 DomainNet [3] 10,000 | painting
31| Paris Dataset [13] | 3,187 street 32 DomainNet [3] 10,000 | infograph
33| DroneDataset [44] 400 drone 34 Boxy [45] 2,148 road
35| Stanford Car [46] 8,144 car 36| DeepFashion2 [47] 10,000 fashion
37 ExDark [48] 6,619 dark 38 LaMem [49] 10,000 | memorial
39| Stanford Dog [50] | 10,000 dog 40 Cartoon Set [51] 9,999 cartoon
41 DomainNet [3] 10,000 | quick-_draw ||42 Football [52] 771 football
43| Sketch Objects [53] | 10,000 sketch 44 CUB200 [51] 10,000 bird
45| CITY-OSM [55] 914 | drone_view || 46 Arch Style [50] 4,630 building
47| UCM Land [57] 2,100 satellite ||48|Privacy Attribute [58]| 4,157 stuff
49| IMDB-WIKI [59] | 10,000 face 50 Street View [60] 6,594 street
51 PPSS [61] 1,458 | pedestrian || 52| Sketch Retrieval [62] | 1,213 sketch
53 VisDA [63] 10,000 syn 54 GTA [64] 5,000 syn
55| Youtube BBox [65] | 10,000 real 56 Logo-2k+ [66] 10,000 logo

Table 5. Detailed information about our DomainBank dataset.

C DomainBank Dataset

The images of DOMAINBANK dataset are sampled from 56 existing popular
computer vision datasets. We choose the dataset with different image modalities,
illuminations, camera perspectives etc. to increase the diversity of the domains.
More details about our DOMAINBANK benchmark are shown in Table 4 and
Table 5. In total, we collect 339,772 images with image-level and domain-level
annotations. Different from TINYDA, the categories of different domains in
DOMAINBANK are not identical. This property makes DOMAINBANK a good
testbed for Openset Domain Adaptation and Partial Domain Adaptation.

D Model architecture

The detailed network architecture for TINYDA dataset is shown in Table 6.
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layer ‘ configuration

Feature Generator
1 |Conv2D (3, 64, 5, 1, 2), BN, ReLU, MaxPool
Conv2D (64, 64, 5, 1, 2), BN, ReLU, MaxPool
3 |Conv2D (64, 128, 5, 1, 2), BN, ReLLU
Disentangler
1 |FC (8192, 3072), BN, ReLU
DropOut (0.5), FC (3072, 2048), BN, ReLU
Domain Classifier
1 |FC (2048, 256), LeakyReLU
FC (256, 56), LeakyReLU
Classifier
1 |FC (2048, 10 or 26), BN, Softmax
Reconstructor
1 ‘FC (4096, 8192)
Mutual Information Estimator
fc1x|FC (2048, 512)
fcl_y|FC (2048, 512), LeakyReLU
2 |FC (512,1)
Table 6. Model Architecture for experiments on TINYDA dataset. For each convolution
layer, we list the input dimension, output dimension, kernel size, stride, and padding.
For the fully-connected layer, we provide the input and output dimensions. For drop-out
layers, we provide the probability of an element to be zeroed.
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Fig. 2. Deep domain embedding results of our DOMAIN2VEC model on TINYDA dataset:
(a) t-SNE plot of the embedding result (color indicates different background); (b)t-SNE
plot of the embedding result (color indicates different foreground); (c¢) t-SNE plot of the
embedding result (color indicates different mode); (d) Deep embedding result. (Best
viewed in color. Zoom in to see details.)

F Category information

For openset domain adaptation experiments, we choose the “aeroplane”, “bus”,
“horse”, “motorcycle”, “plant”, “train”, and “truck” as the common categories
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Fig. 3. Deep domain embedding results of our DOMAIN2VEC model on DOMAIN-
BANK dataset: (a) t-SNE plot of the embedding result (color indicates different domain);
(d) Deep embedding result. (Best viewed in color. Zoom in to see details.)

across the four domains. We set “bicycle”, “car” “knife”, “person”, “skateboard”
as the unknown categories.
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