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ABSTRACT Semantic segmentation and depth estimation tasks are crucial for autonomous driving systems,
but obtaining their labels from real-world datasets is costly. To address the problem, we developed a multitask
domain adaptation that uses various labeled datasets with distinct tasks to adapt the multitask model for
the unlabeled domain. The proposed framework can handle multiple source domains containing various
task labels, which allows us to extend the combinations of acceptable source datasets in contrast to the
previous multitask domain adaptation methods. We suggest using the ‘TripleMix’ approach to obtain the
integrated features from the three separate domains, including two labeled domains and one unlabeled
domain. In addition, we design a task correlation network that trains multiple tasks through attentional
correlation, increasing the synergies between various tasks. To validate the proposed algorithm’s state-of-
the-art performance based on the interactions of the different domains and tasks, we analyze it using a variety

of dataset combinations that consider two virtual domains and one real-world target domain.

INDEX TERMS Domain adaptation, depth estimation, multitask learning, semantic segmentation.

I. INTRODUCTION
With the growing interest in autonomous driving, various
datasets have emerged with diverse types of tasks and
capturing environments [1], [2], [3]. However, collecting
real-world data for autonomous driving requires not only
high costs of labeling but also expensive capturing vehicles.
In addition, due to the limitation of the scale of the dataset,
it is difficult to cover the large-scale and real-world environ-
ment for autonomous driving. To overcome the problems,
research for Unsupervised Domain Adaptation (UDA) has
been conducted to achieve satisfactory performance for
unlabeled domains by employing the labeled domains with
the same task to overcome these problems.

In an autonomous driving environment, the ability to
consider multiple tasks, such as classifying objects ahead
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and calculating the distance simultaneously, is a desired skill.
Multitask training can integrate the feature extractor and
reduce the computation FLOPS compared to the multiple
single-task models. Multitask UDA methods have emerged
to accomplish the objective, but they can be employed only
when the used source dataset incorporates all of the labels
required for multitask learning (MTL).

Human learning, in contrast, naturally combines numerous
sources and tasks of knowledge. As a result, humans can
jointly recognize and draw a scene based on diverse sources,
each with a different task, such as object segmentation
and depth estimation, even without actual observations.
Similarly, we can drive a model to jointly learn numerous
complementary tasks from various sources, in order to
acquire a broad range of characteristics to avoid overfitting
for various activities. Accordingly, we present a novel UDA
framework in which multiple tasks can be learned using
multiple sources, each carrying a unique task.

© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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FIGURE 1. Illustration of the proposed scheme. Through the proposed
algorithm, we can transfer the respective task information of the different
virtual domains to the multitask model for unlabeled real-world domain.

We concentrate on the two key tasks in autonomous
driving system: the semantic segmentation [4], [5], [6], [7]
and depth estimation [8], [9], [10]. Depth cues provide
information on object boundaries and relevant instructions
that are also important for semantic segmentation, and thus
both tasks are highly complemented by each other. Despite
such correlations, multitask learning requires various labels
as training multiple tasks which is very burdensome matter.

To solve the problems, we propose a multitask domain
adaptation framework that can employ multiple source
domains with the different tasks to adapt the multitask
model for the target unlabeled domain. We utilize the
two synthetic source domains, each respectively containing
the label information of semantic segmentation and depth
estimation, which are used to adapt the multitask model
to the target domain for both tasks. By using synthetic
labels with domain adaptation method, burden of labeling
in real-world environment can be alleviated. The framework
uses a TripleMix image and extra auxiliary decoders for
domain-specific image reconstruction to generate a unified
embedding feature from the multiple domains. The TripleMix
image is created by combining three images from different
domains and considering the association between semantic
segmentation and depth estimation. The shared encoder
trained by the TripleMix image as an input enables feature
learning robust to domain changes, which can reduce domain
gaps. To further enhance the unification of embedding
features, we design the task correlation network where the
multiple tasks are correlated by the attentional connections.

In addition, the task correlation network employs the
auxiliary tasks where every domain is reconstructed through
the respective reconstruction decoders to avoid the overfitting
issue for one of the multiple tasks. The proposed frame-
work is validated by the experimental results of semantic
segmentation and depth estimation, where the two virtual
source domains with the unique tasks and the real-world
target domain are used. We also verify the effectiveness of
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our modules in the proposed framework through numerous
ablation experiments.
Our contributions can be summarized as follows:

o« We create a novel multi-source UDA framework in
which multiple source domains with distinct tasks can
be used to train the multitask for the target domain.

« To efficiently combine the multiple domains, we pro-
pose ‘TripleMix’ method where the images from the
different domains are integrated.

o« We develop the task correlation network that can
improve the synergy between multiple tasks while
preserving the task-wise performance.

o We achieve state-of-the-art multitask performance for
the real-world autonomous driving environment by
using the unlabeled real-world dataset and the virtual
datasets with the distinct task labels.

Il. RELATED WORKS

A. MULTITASK LEARNING

A number of previous literature have explored the correlation
between the semantic segmentation and depth estimation
tasks [11], [12], [13], [14], [15], [16], [17], [18], [19].
Many studies have been proposed to jointly learn both
tasks [20], [21], [22]. Chen et al. [20] proposed SceneNet
that performs region-aware depth estimation by enforcing
semantics consistency between stereo pairs.

Casser etal. [23] distilled knowledge from a teacher
semantic segmentation network to a student depth estimation
network, whereas others [24], [25] aimed to improve the
accuracy of semantic segmentation with self-supervised
depth estimation. However, such approaches are limited to the
labeled environment, so datasets for MTL must be acquired,
which is costly in the real-world settings.

B. DOMAIN ADAPTATION

To solve the difficulty to acquire the pixel-wise labels in
the semantic segmentation, synthetic data can be utilized.
However, for the real-world environment, the synthetic data
causes a performance drop due to a domain gap between the
real images and synthetic ones.

In several studies [26], [27], adversarial learning was
employed to align the target and source features. On the
other hand, batch normalization statistics were also utilized
for the unified embedding features of the domains [28],
[29], [30]. Choi et al. [31] constructed intermediate domain
between source and target domains by consensus-based
transfer. Araslanov and Roth [32] used the augmentation
consistency for domain adaptation on semantic segmentation,
and promotes the moving threshold method to handle the
long-tail problem. Tranheden et al. [33] built a mixed image
where the source and target images are integrated according
to the randomly chosen classes, which is used as an input for
domain adaptation.

Information of the auxiliary task is also used to enforce
consistency [23], [24], [34], [35]. Hoyer et al. [24] proposed
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geometric consistency with depth, comparing a class mix
mask. Using the self-supervised depth estimation cues
of source and target data, Wang etal. [34] employed
the task feature correlation module to transfer the depth
information to semantic segmentation task by using the
domain discrepancy of depth prediction as the prediction
error. In contrast, Lopez-Rodriguez and Mikolajczyk [36]
utilized the self-supervised segmentation information to
improve depth estimation performance.

C. MULTITASK DOMAIN ADAPTATION
Inspired by the annotation difficulties of the MultiTask
Learning (MTL) and the benefits of using the auxiliary
tasks for Unlabeled Domain Adaptation (UDA), the multi-
task domain adaptation methods have emerged. Peng and
Dredze [37] deployed Chinese word segmentation and entity
recognition simultaneously as tasks, while Ren and Lee [38]
adopted depth estimation, surface normal map prediction, and
instance contour map prediction for the multitask learning.
The algorithms showed that MTL algorithms on UDA
scenarios need to utilize auxiliary tasks as well as learning
the complimentary representation. Saha et al. [39] selected
semantic segmentation and depth estimation to build the
cross-task relation layer capturing the dependency between
the two tasks.

However, the previous studies have considered only
a single synthetic dataset as the source domain where
the targeting multiple tasks are well-composed. Although
synthetic data typically provide relatively easy access to
labels compared to real data, it is still difficult to find a single
virtual dataset with all of the desired labels for various tasks.
To solve this issue, we propose a novel TripleMix method
that can utilize multiple data domains containing annotations
of different tasks.

Ill. PROPOSED METHOD
In this section, we present the domain definitions for the
proposed algorithm and describe the network architecture.

A. DOMAIN DEFINITIONS

The proposed method considers three domain types: two
virtual source domains and one real-world target domain.
According to our intuition that the multiple sources have
a different task, the two virtual source domains are sepa-
rately labeled by the semantic segmentation and the depth
estimation, which are denoted by Dg and Dy, respectively.
We define D; for the target domain captured in the
real-world environment without any label information. Thus,
the objective of the proposed method is to adapt the label
information of Dy and Dy to the multitask prediction for Dy.

B. MODEL ARCHITECTURE

Fig. 2 illustrates that the model consists of one shared
encoder, three bottleneck modules, three attention modules,
five decoders, and five initial decoders. We use reconstruction
task as an additional auxiliary task for multitask learning.
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FIGURE 2. Task Correlation Network. This framework demonstrates how
our main model is constructed. Using the shared encoder, the initial
outputs are earned with the initial decoder. The final outputs are
obtained with the task correlation network using the feature of each task
and the attention feature of the corresponding auxiliary task.

Depth estimation and semantic segmentation task are not
only auxiliary task for each other, but also main task of the
network. Furthermore, reconstruction task is not label-needed
task, so no labels are required for only auxiliary tasks in
attention network.

We employ a ResNet-101 [40] as our encoder model. The
feature from the encoder is fed into the following bottleneck
modules, which results in the task-wise features for depth
estimation, semantic segmentation, and reconstruction. Then,
the task-wise features from the bottleneck modules are given
to the attention module for the attention features, which are
utilized as the input for the five final decoders. The attention
module employs the self-attention block [41] where two
vectors are multiplied to each other. The two vectors are
estimated by one convolution layer and another convolution
layer followed by a sigmoid function, respectively. The
five decoders are composed of one depth decoder, one
segmentation decoder, and three domain-wise reconstruction
decoders respectively for Dy, D, and D;. The depth
and segmentation decoders are built with a DeeplabV2
architecture [5]. For the given input image of IP+, we use the
notation of D(IP+), SIP*), RIIP+), RS(IP*), and R!(IP+)
to represent the results from the depth, segmentation, and
reconstruction decoders for Dy, Dy, and Dy, respectively.

The composition and the architecture of the initial decoders
are the same as those of the decoders, but the initial decoders
are fed by the features from the bottleneck modules directly
before the attention modules. We denote the results of the
depth initial decoder, the segmentation initial decoder, and
the reconstruction initial decoders for Dg, Dg and D; by
Dinis (%), Sinis %), R, (AP), R}, (AP%), and Ry, AP+,
respectively. Bottleneck layers and initial prediction decoders
are trained simultaneously with multitask layers.

C. ADDITIONAL AUXILIARY MODEL FOR PSEUDO-LABEL

In addition, we utilize an exponential moving average (EMA)
model to acquire stable pseudo-labels for domain adaptation.
At every iteration, after we update the original model Morg
by using a gradient-based optimizer, the EMA model M gp4
is also updated. The architecture of the EMA model is the
same as the original model, and the parameters of the EMA
model are updated by the moving averages of the trained
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FIGURE 3. Overview of Training Phase. This figure shows how our training method works. On supervised learning step, each domain is trained on
the corresponding labeled tasks, which is notated by solid line. In the unsupervised domain adaptation (UDA) phase, the images and labels (real
labels and EMA pseudo-labels) from each domain are mixed, which are indicated by the dashed lines. The model is trained on all tasks with
triplemix images and triplemix labels. The coefficients used for UDA loss are obtained through pseudo-label uncertainty and domain discrepancy.

parameters from the original model as follows:
: ( 1
a=min|l - —

aim’t
i+1’ ’

MY =aoMED 0 —ayoMED (1)

where i means a training iteration, « defines the teacher
alpha parameter and o™ is a user-defined hyperparameter.
In addition, M® is a model parameter matrix on i-th
train step, and Mogg and MEgy4 mean the original model
and EMA model, respectively. The results from the EMA
model are distinguished from the results of the original
model by using the suffix of e (i.e. eD(IP+), eSIP*),
eRAIP+), eR*(AP+), and eR! (AP+),).

D. TRIPLEMIX IMAGE GENERATION FOR TRAINING
The TripleMix image can be obtained by mixing the three
images of IPs, 194, and IPt, which are extracted from the
training sets of D, Dg, and Dy, respectively. Fig. 4 presents
the two examples of TripleMix images. On A., B., C. row,
the black and white binary images on the right side of each
example are the sampling masks applied to the images on
the left side. The white part of the sampling masks is the
part where the pixel is selected. Two images on D. row are
examples of TripleMix images mixed by three images above.
As shown in the examples, although the three domains have
different types of appearance, the semantic regions and the
depth continuity are kept after the mixture of the three images.
To obtain the TripleMix image, we first estimate the mix
masks for IPs and IP¢, which determine the regions to be
extracted. Then, the remaining region is filled with the pixels
from IPt. We define the mix masks for IPs and IPd by M
and My, respectively.

VOLUME 12, 2024

FIGURE 4. Examples of TripleMix image. Row A., B., C. show images and
sampling masks of Ds, Dy, and Dy, respectively. Row D. shows results of
TripleMix image.

We first obtain the initial mixing mask for segmenta-
tion (MY) to generate the TripleMix image to preserve the
regions of the randomly selected classes in I;. To handle the
long-tail problem, we divide the number of entire pixels by
the number of class-wise pixels of I as follows:

N/nc
ZC’EC N/i’lc/ ’
where ¢ € {l,..., C} is the class index for C categories,

n. means the number of pixels labeled by c-th class, and
N represents the number of the entire pixels. By using P,

P = (@)
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we can build MY to sample rare classes more frequently
than dominant classes. According to the class-wise sampling
probability of P, we select a half of the entire categories and
sample the pixels belonging to the categories, which would
remain in M.

Before estimating the initial mixing mask for depth (M),
we first separate the continuous depth values by the
specified ranges to build the discrete pixel-wise categories
for depth estimation. We fix the thresholds to determine
the depth categories without any overlapped range as
[00, 01, 602,63, ...,6N,] where Ny represents the number of
depth categories. In addition, 8y and Oy, are minimum and
maximum depth values, respectively. The threshold values
are determined for the pixels to be uniformly distributed in
every discrete depth category as follows:

Dy = {dx|Ok—1 <dx <6, x € X}
n(Dy) = n(D,) =---=n(Dy,), (3)

where Dy is a set of pixels where its depth dx ranged from
Or—1 to 6. X represents a set of all possible pixels and n(Dy)
is the number of elements in the set Dy. Then, we randomly
sample half of the N; depth categories with the assumption
of uniform random distribution, and then MZ has the value
of 1 only at the pixels of the selected depth categories and
otherwise, 0.

Before mixing I®¢ and IPs, we need to remove the
overlapped regions between M{ and M. To preserve
the geometric consistency between IP¢ and IPs, we utilize
the predicted depth map of ¢D(IPs). Since the close objects
would occlude far regions, the image pixels are chosen for
the overlapped pixels of My and M. Thus, we refine M{ and
M to avoid the overlapped regions in the two masks, which
result in the refined mixing masks My and My as follows:

M(x) =0 ,if GTP(x) > eDIP5)(x)
My;(x) =0 , otherwise,

“

where x defines the position where M{ and M{; overlap and
GTP4(x) means the ground-truth depth value for I at the
position Xx.

Then, we obtain the TripleMix image by using My and M.
At first, the regions in IPs and IP¢ are extracted according
to M and My, respectively. Then, the remaining regions are
extracted from IP to fill in the blank regions after mixing IPs
and IP¢, Thus, when we denote the mask for the remaining
region by M, = 1 — My — My where 1 is the one-valued
matrix, the TripleMix image I can be estimated as:

IF=M,0I” +M; 0I? + M, 0 1>, )

where 1 is the one-valued matrix and © represents the pixel-
wise multiplication.

The pseudo-labels of I™ are obtained by using the
ground-truth maps and the predictions from the EMA model.
We define the ground-truth segmentation map and depth map
by GT and GTP?, respectively. Then, the pseudo-labels
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of I'™ for the semantic segmentation (S*) and the depth
estimation (D) are obtained as follows:

ST =M; O GT> + M, © eSIP4)
+M, ©eSI)
Dt =M, © eDIP) + My © GT?
+M, @ eDIM). (6)

As for post-processing, we refine the pseudo-labels of I
by using the additional prior knowledge. At first, since the
depth for ‘sky’ pixels should be infinite, we set the value of
D™ to the infinite value at the ‘sky’ pixelsin ST. Accordingly,
we change the class of the pixels in S to the ‘sky’ class if
their depth value of D is infinite.

IV. TRAINING METHOD

The training loss for the network is the summation of the
two training losses: supervision loss and adaptation loss. The
supervision loss is designed to train the network by using
the original input images and their corresponding ground-
truth labels, whereas the adaptation loss is to perform the
integrated training to reduce the domain gaps by using the
TripleMix image. The overview of the training method is
shown in Fig. 3.

A. RELIABILITY FOR PSEUDO-LABELS OF

TRIPLEMIX IMAGE

Before estimating the training loss, we first predict the
pixel-wise reliability for the pseudo-labels of TripleMix
image. The reliability of TripleMix image is estimated
by a multiplication between the discrepancy map of the
reconstructed images and the uncertainty score of the
pseudo-labels.

1) DISCREPANCY MAP OF RECONSTRUCTED IMAGES
Despite being separately trained by different domains, the
output from the three reconstruction modules should be the
same for the TripleMix image when the embedding features
are well unified at the backbone network. Based on intuition,
we utilize the discrepancy of the reconstructed images from
the three reconstruction modules.

Based on the Euclidean distance between the reconstructed
images, we obtain segmentation-task discrepancy maps for
segmentation unlabeled domains and depth-task discrepancy
maps for depth unlabeled domains, respectively. Thus, we can
estimate the discrepancy maps as follows:

ED1, D) = [1 - (1IR” @)~ R%:a0RY)] . )

where Rt = M, @ R*(IT) + My O RYIH) + M, © RIAH)
and [o](l) represents the clipping operation to limit the input
value from O to 1.

2) UNCERTAINTY SCORE OF PREDICTION
We utilize the maximum probability to determine the uncer-
tainty score of the segmentation pseudo-labels from I; and I;.
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To estimate the uncertainty score u; of the segmentation
pseudo-label, we count the number of pixels where the
maximum probability for the semantic segmentation is over
the predefined threshold as follows:

0,120 = 37 5 (max (eSAP)®) > &),

xeX

uy (1P = ZS(max (eSAP)(x)) > ;) 8)

xeX

where X contains every possible image position, and the
output from § function is 1 when the given condition
satisfies and 0, otherwise. In addition, ¢ is a user-defined
hyperparameter.

The uncertainty score of depth estimation is estimated by
the augmentation variance. Based on the intuition that the
uncertain prediction would be unstable for the augmented
input images, we estimate the uncertainty score uy for the
depth pseudo-label as:

1a @) = > 5(o (DAY, ..., eDAZIXN) < ¢a).

xeX
1) = > 5( (1ePAGY), ..., DAX) < &)
xeX

€))

where o function is to estimate the variance of its input vector,
L) is the augmented images of I withj € {1, ...,J}, and &y
is a user-defined hyperparameter.

We employ the random brightness and contrast changes to
obtain I¥) images as follows:

LL=VoI+(1-V)60
L =VoI+(0-V)ol,, (10)

where V is uniformly sampled from range 0.5 to 1.5, I, and
I. are the brightness-manipulated and contrast-manipulated
images, respectively. I is a gray-scale image from L.

3) RELIABILITY OF PSEUDO-LABELS

From the perspective of the labeled domain, the other two
domains are unlabeled. Therefore, we need to calculate
the reliability of the pseudo-labels of those two unlabeled
domains. We acquire By and By that are the reliability maps
for segmentation and depth task, respectively. By multiplying
the estimated discrepancy maps and the uncertainty scores,
we estimate By and B, as follows:

B, = M, + My © (us(IDd) E(Dq, DS))
+M, © (1a™) - ED,, D)
B, =M, O (ud(IDs) .E(D, Dd)) My

+M, © (ua1>) - EDy, Do) (11)
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B. TRAINING LOSS

The proposed network has three tasks including semantic seg-
mentation, depth estimation, and domain-wise reconstruction
tasks. The entire training loss is composed of a supervision
loss L, and an adaptation loss L4, as:

£:£5u+£da- (12)

The integrated losses are used for updating the entire network
architecture including the backbone network.

The supervision and adaptation losses are composed of
semantic segmentation loss £, the depth estimation loss L4,
and the reconstruction loss L.

The semantic segmentation loss is designed by using the
cross-entropy loss as follows:

L7 (8,8, B) = —Eyex [B(x) .S log (s?(x))] ,(13)

where S and S represent the target and predicted segmen-
tation maps, respectively, B is the weighted map for the
expectation, and X is a set containing every position of the
input image.

The depth estimation loss is estimated by the difference
between the ground-truth depth and the predicted depth
map as:

£ (D, D, B) = Exex [B® © |(D® - D) || ,]. (14)

where D and D are the target and predicted depth
map, respectively, || e |, means the reversed Huber
norm [10], and X is a set containing every position of the
input image.

In the case of the reconstruction loss, a Frobenius norm is
used as follows:

1 ~
(L1 = 5 -1 (15)

where I and T denote the target and the reconstructed images,
respectively, || o || means the Frobenius norm, and N is the
number of entire pixels.

For the supervision loss Ly,, we utilize the losses estimated
by using the ground-truth annotation of the labeled domains.
The supervision loss can be designed to consider the training
of the initial task modules as follows:

init ’

Lo =L* (GTS, s 1) e (GTS, S, 1)
Y {cd (GTd, plo) 1) iy (GTd, Do), 1)}

init ?

+a > e (LRY) + £ (LRV). a6

Ie{ly Ig 11}

For the adaptation loss, Ly, is designed to train the
reliable pseudo-labels of the TripleMix image based on their
reliability. Thus, we obtain the training loss for the TripleMix
image by considering the pseudo-labels as the target maps as
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TABLE 1. Semantic segmentation accuracy for GTA5+vKITTI — cityscapes.

=1 =

sl 2| B = = g 2 o0 £ > z g = e PR - g 2

Menod | S| S5 & B 2 £ & 2 2 g & & £ 2 z 5 & &2 & % & |2
DACS[33] | G | x. | x | 899 397 879 307 395 385 464 528 880 440 888 672 358 845 457 502 00 273 340 | 521
corDA [34] | G. | x | x | 943 590 879 336 441 411 487 534 881 477 892 674 379 900 433 543 00 176 441 | 548
Sconly | G. | v. | O | 818 192 744 186 173 242 271 132 804 295 828 559 113 801 331 326 38 217 176 | 381
Ours G. | v. | 0|99 368 870 328 348 359 465 544 868 479 865 663 283 893 541 544 00 335 527 | 536

follows: file and Velodyne points and used the computed depth for

Lao=£5(SE0, S0 By) + £ (S50, 8, B,)

+ha {£4 (DI, D Ba) +£4 (DI, D1, By) |
> e (R )+ (1 RO
1e{l;, 1.1}
17)

V. EXPERIMENTS

A. DATASET

Various datasets are used including the Cityscapes [1]
for the unlabeled domain, GTAS5 [2] for the semantic
labeled domain, and virtual KITTTI [3] for the depth labeled
domain. For various domain combinations, SYNTHIA [44]
for the semantic labeled domain and KITTI [45] for the
unlabeled domain are also used. For simplicity, we abbreviate
Cityscapes, GTAS, virtual KITTI, SYNTHIA, and KITTI
datasets by C., G., vK., S., and K., respectively.

1) CITYSCAPES

Cityscapes dataset [1] is a real-world dataset including the
annotation of fine semantic segmentation with 19 classes and
consists of 2,975 training images as well as 500 validation
images. Following the experimental protocol used by [34],
we use the training set without labels as the target domain for
the adaptation and report our results on the validation set.

2) GTA5

The GTAS dataset [2] is generated from a game environ-
ment, which contains 24966 images with Cityscapes-style
annotations (19 classes). We employed the GTAS dataset as
a segmentation labeled source domain.

3) SYNTHIA

The SYNTHIA dataset [44] is a large collection of images
with high variability due to changes in illumination, textures,
pose of dynamic objects and camera viewpoints on a
virtual environment. SYNTHIA contains 16 classes from
Cityscapes-style annotation except for terrain, truck, and train
class. We employed the SYNTHIA dataset as a segmentation
labeled source domain.

4) KITTI

The KITTI dataset [45] is a real-world dataset. We used
raw data including left, and right images and Velodyne
Lidar points. We computed the depth from the calibration
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evaluation.

5) VIRTUAL KITTI

The virtual KITTI (vKITTI) dataset [3] is a photo-realistic
synthetic video dataset designed to learn and evaluate
computer vision models for multiple video understanding
tasks. The dataset contains 50 high-resolution monocular
videos with 21,260 frames generated from five different
virtual worlds in urban settings under different imaging
and weather conditions. We employed 12,756 images with
various weather conditions (sunset, fog, and over-cast).

B. IMPLEMENTATION DETAILS

The batch size is set to 2, and we use stochastic gradient
descent with a learning rate of 2.5 x 10~* with weight decay
5 x 10~ and we train 150, 000 iterations. For experiments,
RTX 3090 GPU and Pytorch 1.7 were used. The training
time per batch with batch size 2 takes 2.4 s, and the training
memory takes 20.1G. The inference time per image takes
0.1 s, and the inference memory takes 11.9G. We proceed
inference without removing unnecessary parts. Therefore, the
inference memory is relatively high. All training steps are
capable with RTX 3090. The hyper-parameters are set as
apre = 0.9, NG = 3, ¢ = 0.968, and ¢; = 0.001.
Following corDA, we set Ay and A, by 0.01 and 0.001,
respectively.

C. SEMANTIC SEGMENTATION

We evaluate the effectiveness of the proposed model on
various episodes for semantic segmentation task. We report
the ToU (class IoU) and mloU (mean IoU) performance.
The right arrow (—) indicates a domain adaptation from the
source domain to the target domain. We earned source-only
results by training without Lg,.

1) RESULTS ON GTAS5, vKITTI — CITYSCAPES

Table 1 shows semantic segmentation performance on
GTAS, vKITTI — Cityscapes environment of our proposed
model and other methods evaluated. reported the IoU and
mloU for 19 classes. We exploit the semantic segmentation
information from the GTAS domain and depth information
from the vKITTI domain. We compare our performance
with DACS [33] and corDA [34]. Although our overall
performance is lower than that of corDA, our result achieves
better performance in the categories of the truck, terrain,
motorcycle, and bike, which rarely appear on the images and
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TABLE 2. Semantic segmentation accuracy for SYNTHIA+VKITTI — cityscapes.

[=]
» =) 3 2 =5 S 2 o0 > é g = 2 ¥ :o’
Metod |S|S|S| & &8 & £ & & 2 e £ £ & 2 & &2 % =E| %
Advent[42] [ S. | x | X | 856 422 797 87 04 259 54 81 804 841 579 B8 33 364 142 330 | 42
DADA [43] | S. | x | x | 892 448 814 68 03 262 86 111 818 840 547 193 797 407 140 388 | 426
CTRL[39] | S. | S. | O | 89 430 807 192 09 272 116 126 813 832 607 240 842 462 220 442 | 455
Ours S [ v. | 0947 684 821 202 02 246 224 145 850 811 653 343 864 410 315 481 | 500

FIGURE 5. Qualitative results on semantic segmentation task in
Cityscapes for models trained in virtual KITTI, GTA 5 — Cityscapes. Yellow
bounding boxes refer to areas of the prediction more accurate compared
to the corDA.

have a low proportion in the images. This result shows our
low pixel rate class sampling works well. We present the
qualitative results in Fig. 5. The boundaries of bicycle class
and person class pixels are more explicit.

2) RESULTS ON SYNTHIA, vKITTI — CITYSCAPES

We perform additional experiments using the source domains
of SYNTHIA and vKITTI to adapt the target domain
of Cityscapes to validate the generality of the proposed
algorithm. Instead of the GTAS dataset, we use the SYNTHIA
dataset as the semantic segmentation domain, while the
depth estimation domain is VKITTI as the original exper-
iment. Table 2 shows semantic segmentation performance
on SYNTHIA, vKITTI — Cityscapes environment of our
proposed model and CTRL [39] evaluated. We report the
IoU for 16 classes and mloU. CTRL which uses the
same tasks for multitask domain adaptation, is trained with
SYNTHIA — Cityscapes environment. Our model shows
superior performance compared to CTRL. Our approach
demonstrates an improvement in accuracy for recognizing the
pedestrians, including the classes of Person and Rider, which
are critical for the safety of autonomous driving.

3) PERFORMANCE ENHANCEMENT DIFFERENCE BY
SOURCE DOMAIN DATASET

We report Fig. 6 which contains sample images from
SYNTHIA, GTA5 and Cityscapes dataset each. As you can
see from the figure, GTAS dataset is much more similar
to the Cityscapes dataset than SYNTHIA is. Therefore, the
performance by the domain adaptation algorithm is enhanced
more in the SYNTHIA dataset.

D. DEPTH ESTIMATION
We also evaluated the effectiveness of the proposed model
on various episodes for depth estimation task. We report
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FIGURE 6. Sample images of various datasets. (A), (B), (C) images each
refers to SYNTHIA, GTA5 and Cityscapes dataset respectively.

TABLE 3. Depth estimation evaluation for various dataset episodes.

s b Lower is better Higher is better
Method | sre® | sie” | el R ReZ RMS LRMS | o1 02 o3
CIRL91 | 5. | 5. | C | 03 63 148 06 | 030 058 077
Sconly | G | vK | C. | 04 88 219 04 [ 045 066 080
Ours G | vK | C |03 37 137 03 |05 08 092
Ours S| vk | C | 03 36 139 03 |05 08 091
Ours G. | vK | K. | 02 19 72 02 | 062 086 095

Absolute Relative Difference (|Rel|), Squared Relative
Difference (Rel?), Root Mean Squared Error (RMS), its log-
variant LRMS. We also report the accuracy metrics [8] as
denoted by o1, 02, 03. We provide a result with ground
truth depth capped at 80/, m. Table 3 shows depth estimation
performance on various domain compositions. We report
an episode which includes the KITTI dataset as the target
domain as well. Since the virtual KITTI dataset and the KITTI
dataset are similar, depth estimation task in the corresponding
data domain composition shows the best performance. Since
CTRL utilizes only one source domain, CTRL is limited in
that it is necessary to select a dataset with labels for both the
segmentation task and the depth task. The proposed method
can use the source dataset with only part of the multitask
annotations. Fig. 7 qualitatively visualizes the experimental
results of the depth estimation, displaying well-represented
details, such as traffic lights, riders, and bicycles.

E. ANALYSIS
1) DOMAIN SPECIFIC LABEL PROPERTY: VIRTUAL KITTI
We provided qualitative results of the depth estimation using
the GTAS dataset as a labeled semantic segmentation source
domain, virtual KITTI as a labeled depth estimation source
domain, and Cityscapes as an unlabeled target domain.

As shown in Fig. 8 (b), we can find that the prediction’s
vehicle window appear to be hollow, which is filled in the GT
depth map of Cityscape dataset (Fig. 8 (a)). The reason can
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TABLE 4. Ablation test on low rate class sampling.

=] =
% o = = Q = 3 3 4 = ° 2
9] 5] = = 2] Q o0 =) > < =] 5 =] 4 s Q ~ S
E|l& % & £ & & 2 & £ &8 & & Z & £ & & 2 E |
Ours X 927 538 860 31.1 284 354 397 43.1 859 430 833 638 281 879 497 536 00 338 521 52.2
Ours | O | 909 368 87.0 328 348 359 46,5 544 868 479 865 663 283 893 541 544 0.0 335 527 | 53.6
Image GT Ours

FIGURE 7. Qualitative results on depth estimation task in Cityscapes for
models trained in virtual KITTI, GTA 5 — Cityscapes.

(@) (b) (©

FIGURE 8. (a) is a GT depth map of Cityscapes dataset, (b) shows our
predicted depth map, and (c) presents a GT depth map of virtual KITTI
dataset.

be found from Fig. 8 (c) showing the ground-truth(GT) depth
map of virtual KITTI dataset that is our depth-labeled source
domain. While it is infeasible to acquire the GT depth map for
the hollow regions in the real-world GT depth map as shown
in Fig. 8 (a), we can achieve the detail GT depth map from the
synthetic dataset. Through this, we can verify that our model
learn the depth information from the virtual KITTI well,
which also confirms that we can predict even the difficult
parts in real-world domain by using the characteristics of our
source domain.

2) TRIPLEMIX EXPLANATION AND CHANGES BY ITERATION

In Fig. 9, (a) is a figure showing the process of TripleMix
in more detail. According to our proposed method, as the
learning progresses, the depth of the semantic segmenta-
tion labeled data is also learned. The difference between
(b) and (c) reveals that the overlapping pixels are selected well
according to the depth. The red box in (a) shows the details.
Although the sky class pixels are sampled in the segmentation
domain, the tree pixels in the depth domain are selected
according to the distance comparison. Fig. 10 shows pixel
ratio of each domain’s image which are used in TripleMix.
Blue line, orange line, and green line refers to pixels amount
sampled from image of Dy, Dy, D;. By low rate pixel class
sampling, pixels from /Ps occupy the smallest percentage.
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FIGURE 9. (a) is Explanation of TripleMix, (b) is TripleMix image from
45,000 iteration and (c) is TripleMix image from 1,000 iteration.

=== : GTAS dataset’s pixel
X: iteration

K === virtual KITTI dataset’s pixel
Y: number of pixels

=== : Cityscapes dataset’s pixel
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FIGURE 10. Pixel ratio for each domain of images used in TripleMix..

3) LOW RATE PIXEL CLASS SAMPLING

We implement low rate class sampling to handle long-tail
classes such as motorcycle, bicycle by utilizing P, = %
Table 4 reports the comparison of results according to how the
class is sampled at the mixmask generation. Compared to the
random algorithm without using the long-tail class handling,
the proposed algorithm can successfully improve the sparse
classes such as fence and bike.

4) DEPTH PSEUDO LABEL UNCERTAINTY

Table 5 reveals how the depth pseudo label uncertainty affects
our performance. We compare depth estimation performance
between a variant calculating depth pseudo label uncertainty
and another variant where the uncertainty is fixed by 0.001.
Furthermore, we show how our method affects segmentation
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TABLE 5. Ablation test on depth pseudo label uncertainty and depth
smoothness.

Lower is better Higher is better

Method | U | smooth.

[Rel]  Rel RMS LRMS ol a2 a3 mloU
Ours X [0) 0.3 4.2 14.5 0.5 049 071 082 | 522
Ours O X 0.3 4.0 14.6 0.4 051 079 091 52.8
Ours o o 0.3 3.7 13.7 0.3 052 081 092 | 53.6
GT w.o Smoothness w. Smoothness

FIGURE 11. Comparison of qualitative evaluation with and without
smoothness.

TABLE 6. Ablation test on different pseudo-labeling method.

init. | RMSE | mloU
Ours X 15.3 51.3
Ours O 13.7 53.6

performance by reporting mloU. According to the above
results, we show the depth pseudo label uncertainty is helpful
for stable learning.

5) SMOOTHNESS TERM

Fig. 11 shows the comparison of qualitative evaluation with
and without smoothness term. The detailed parts of the
depth map are highlighted through correlating auxiliary tasks,
but some values are out of range. By employing the L2
smoothness term, we can obtain the result where the out-
of-range values are smoothed well. In addition, we can find
the effect of the smoothness through the reduced artifacts of
the final result. Table 5 also presents the effectiveness of the
smoothness term quantiatively.

6) VARIANTS FOR PSEUDO-LABELING METHOD

Different results are obtained depending on which prediction
the pseudo label used in the UDA step is selected. To con-
firm this, we compared using an initial prediction as the
pseudo-label at the beginning of training and using a task
correlated output as the pseudo label for the whole training.
Table 6 confirms that using a simpler initial output as a
pseudo-label rather than a complex task-correlated result at
the beginning of learning helps more stable learning.

VI. CONCLUSION

In this work, we introduced a novel unsupervised domain
adaptation approach that applies multiple source domains
with individual tasks. To represent the diverse tasks and
domains into a unified feature space, we proposed the
TripleMix image that is made of three images from different
source domains. Also, extra auxiliary decoders for domain
reconstruction were used to generate a unified embedding
feature from the multiple domains. The proposed framework
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was validated by the experimental results of semantic
segmentation and depth estimation, and the results show that
knowledge from various domains are combined to enhance
the multitask performance on an unlabeled target domain.
For future work, more various visual task can be added
to our method such as object detection. While maintaining
our method architecture, designing additional constraint loss
which connects learning tasks can be studied.
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