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CrDoCo: Pixel-level Domain Transfer with Cross-Domain Consistency
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Figure 1: Applications of the proposed method. Our method has the applications ranging from semantic segmentation (top
row), depth prediction (middle row), to optical flow estimation (bottom row).

Abstract

Unsupervised domain adaptation algorithms aim to
transfer the knowledge learned from one domain to another
(e.g., synthetic to real images). The adapted representa-
tions often do not capture pixel-level domain shifts that are
crucial for dense prediction tasks (e.g., semantic segmenta-
tion). In this paper, we present a novel pixel-wise adversar-
ial domain adaptation algorithm. By leveraging image-to-
image translation methods for data augmentation, our key
insight is that while the translated images between domains
may differ in styles, their predictions for the task should be
consistent. We exploit this property and introduce a cross-
domain consistency loss that enforces our adapted model to
produce consistent predictions. Through extensive experi-
mental results, we show that our method compares favor-
ably against the state-of-the-art on a wide variety of unsu-
pervised domain adaptation tasks.
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1. Introduction

Deep convolutional neural networks (CNNs) are ex-
tremely data hungry. However, for many dense predic-
tion tasks (e.g., semantic segmentation, optical flow esti-
mation, and depth prediction), collecting large-scale and di-
verse datasets with pixel-level annotations is difficult since
the labeling process is often expensive and labor intensive
(see Figure 1). Developing algorithms that can transfer the
knowledge learned from one labeled dataset (i.e., source
domain) to another unlabeled dataset (i.e., target domain)
thus becomes increasingly important. Nevertheless, due to
the domain-shift problem (i.e., the domain gap between the
source and target datasets), the learned models often fail to
generalize well to new datasets.

To address these issues, several unsupervised domain
adaptation methods have been proposed to align data dis-
tributions between the source and target domains. Existing
methods either apply feature-level [39, 26, 44, 42, 15, 14]
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or pixel-level [1, 36, 7, 14] adaptation techniques to mini-
mize the domain gap between the source and target datasets.
However, aligning marginal distributions does not necessar-
ily lead to satisfactory performance as there is no explicit
constraint imposed on the predictions in the target domain
(as no labeled training examples are available). While sev-
eral methods have been proposed to alleviate this issue via
curriculum learning [34, 6] or self-paced learning [53], the
problem remains challenging since these methods may only
learn from cases where the current models perform well.

Our work. In this paper, we present CrDoCo, a pixel-
level adversarial domain adaptation algorithm for dense
prediction tasks. Our model consists of two main mod-
ules: 1) an image-to-image translation network and 2) two
domain-specific task networks (one for source and the other
for target). The image translation network learns to translate
images from one domain to another such that the translated
images have a similar distribution to those in the translated
domain. The domain-specific task network takes images of
source/target domain as inputs to perform dense prediction
tasks. As illustrated in Figure 2, our core idea is that while
the original and the translated images in two different do-
mains may have different styles, their predictions from the
respective domain-specific task network should be exactly
the same. We enforce this constraint using a cross-domain
consistency loss that provides additional supervisory signals
for facilitating the network training, allowing our model to
produce consistent predictions. We show the applicability
of our approach to multiple different tasks in the unsuper-
vised domain adaptation setting.

Our contributions. First, we present an adversarial
learning approach for unsupervised domain adaptation
which is applicable to a wide range of dense predic-
tion tasks. Second, we propose a cross-domain consis-
tency loss that provides additional supervisory signals for
network training, resulting in more accurate and consis-
tent task predictions. Third, extensive experimental re-
sults demonstrate that our method achieves the state-of-
the-art performance against existing unsupervised domain
adaptation techniques. Our source code is available at
https://yunchunchen.github.io/CrDoCo/

2. Related Work

Unsupervised domain adaptation. Unsupervised do-
main adaptation methods can be categorized into two
groups: 1) feature-level adaptation and 2) pixel-level adap-
tation. Feature-level adaptation methods aim at aligning
the feature distributions between the source and target do-
mains through measuring the correlation distance [39], min-
imizing the maximum mean discrepancy [26], or apply-
ing adversarial learning strategies [44, 42] in the feature
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Figure 2: Main idea. While images may have different
appearances/styles in different domains, their task predic-
tions (e.g., semantic segmentation as shown in this exam-
ple) should be exactly the same. Our core idea in this paper
is to impose a cross-domain consistency loss between the
two task predictions.

space. In the context of image classification, several meth-
ods [10, 11, 26, 27, 43, 44] have been developed to address
the domain-shift issue. For semantic segmentation tasks,
existing methods often align the distributions of the fea-
ture activations at multiple levels [15, 17, 42]. Recent ad-
vances include applying class-wise adversarial learning [4]
or leveraging self-paced learning policy [53] for adapting
synthetic-to-real or cross-city adaptation [4], adopting cur-
riculum learning for synthetic-to-real foggy scene adapta-
tion [34], or progressively adapting models from daytime
scene to nighttime [6]. Another line of research focuses on
pixel-level adaptation [1, 36, 7]. These methods address the
domain gap problem by performing data augmentation in
the target domain via image-to-image translation [1, 36] or
style transfer [7] methods.

Most recently, a number of methods tackle joint feature-
level and pixel-level adaptation in image classification [14],
semantic segmentation [14], and single-view depth predic-
tion [48] tasks. These methods [14, 48] utilize image-
to-image translation networks (e.g., the CycleGAN [51])
to translate images from source domain to target domain
with pixel-level adaptation. The translated images are then
passed to the task network followed by a feature-level align-
ment.

While both feature-level and pixel-level adaptation have
been explored, aligning the marginal distributions without
enforcing explicit constraints on target predictions would
not necessarily lead to satisfactory performance. Our model
builds upon existing techniques for feature-level and pixel-
level adaptation [14, 48]. The key difference lies in our
cross-domain consistency loss that explicitly penalizes in-
consistent predictions by the task networks.

Cycle consistency. Cycle consistency constraints have
been successfully applied to various problems. In image-
to-image translation, enforcing cycle consistency allows the
network to learn the mappings without paired data [51, 22].
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In semantic matching, cycle or transitivity based consis-
tency loss help regularize the network training [50, 49, 3].
In motion analysis, forward-backward consistency check
can be used for detecting occlusion [28, 20, 52] or learn-
ing visual correspondence [45]. Similar to the above meth-
ods, we show that enforcing two domain-specific networks
to produce consistent predictions leads to substantially im-
proved performance.

Learning from synthetic data. Training the model on
large-scale synthetic datasets has been extensively studied
in semantic segmentation [41, 42, 15, 14, 7, 17, 34, 35,
53], multi-view stereo [18], depth estimation [48], optical
flow [40, 19, 21], amodal segmentation [16], and object de-
tection [7, 30]. In our work, we show that the proposed
cross-domain consistency loss can be applied not only to
synthetic-to-real adaptation but to real-to-real adaptation
tasks as well.

3. Method

In this section, we first provide an overview of our ap-
proach. We then describe the proposed loss function for en-
forcing cross-domain consistency on dense prediction tasks.
Finally, we describe other losses that are adopted to facili-
tate network training.

3.1. Method overview

We consider the task of unsupervised domain adaptation
for dense prediction tasks. In this setting, we assume that
we have access to a source image set Xg, a source label
set Yg, and an unlabeled target image set Xp. Our goal is
to learn a task network Fr that can reliably and accurately
predict the dense label for each image in the target domain.

To achieve this task, we present an end-to-end train-
able network which is composed of two main modules: 1)
the image translation network Gg_,r and Gpr_,g and 2)
two domain-specific task networks Fs and Fp. The im-
age translation network translates images from one domain
to the other. The domain-specific task network takes input
images to perform the task of interest.

As shown in Figure 3, the proposed network takes an
image Ig from the source domain and another image I
from the target domain as inputs. We first use the image
translation network to obtain the corresponding translated
images Is_.7 = Gg_7(Is) (in the target domain) and
Ir—,s = Gr—s(Ir) (in the source domain). We then pass
Isand I _, g to Fg, IT and Is_,7 to Frp to obtain their task
predictions.

3.2. Objective function

The overall training objective £ for training the proposed
network consists of five loss terms. First, the image-level

adversarial loss £i;§§ aligns the image distributions between

the translated images and the images in the corresponding
domain. Second, the reconstruction loss L. regularizes
the image translation network Gg_,7 and G7_, g to perform
self-reconstruction when translating an image from one do-
main to another followed by a reverse translation. Third,
the feature-level adversarial loss £ aligns the distribu-
tions between the feature representations of the translated
images and the images in the same domain. Fourth, the task
loss Liask guides the two domain-specific task networks
Fg and Fp to perform dense prediction tasks. Fifth, the
cross-domain consistency loss L.opsis enforces consistency
constraints on the task predictions. Such a cross-domain
loss couples the two domain-specific task networks Fig and
Fr during training and provides supervisory signals for the
unlabeled target domain image I7 and its translated one
Ir_, 5. Specifically, the training objective £ is defined as

L= Etask + /\consis : ‘Cconsis + )\rec ' ‘Crec
im, feat
+ Aimg -L s + /\feat : ‘Caedava

adv

6]

where Aconsiss Arecs Aimg, and Ageat are the hyper-
parameters used to control the relative importance of the
respective loss terms. Below we outline the details of each
loss function.

3.3. Cross-domain consistency loss £ q.sis

Since we do not have labeled data in the target domain,
to allow our model to produce accurate task predictions on
unlabeled data, we first generate a translated version of Ip
(i.e., IT—5) by passing I to the image translation network
Gr_gs (e, It—ys = Gr_s(Ir)). Our key insight is that
while I (belongs to the target domain) and I, g (belongs
to the source domain) may differ in appearance or styles,
these two images should have the same task prediction re-
sults (i.e., Fr(Ir) and Fs(IT—5) should be exactly the
same). We thus propose a cross-domain consistency loss
Lconsis that bridges the outputs of the two domain-specific
task networks (i.e., Fs and Fr). The loss enforces the
consistency between the two task predictions Fr(Ir) and
Fs(Ir_g). For semantic segmentation task, we compute
the bi-directional KL divergence loss and define the cross-
domain consistency loss for semantic segmentation Lopsis
task as

Leonsis(X1; Gs—1,Gros, Fs, Fr)

=—Enx, Z Jr—s(h,w,c)log (fT(hvwaC)> o

h,w,c

—Erpmxy Z fr(h,w,c)log (fTﬁs(h,w,c)),

h,w,c

where fr = Fr(Ir) and fr_,s = Fs(Ip_g) are the task
predictions for I and I7_, g, respectively, while ¢ denotes
the number of classes.
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Figure 3: Overview of the proposed method. Our model is composed of two main modules: an image translation network
(highlighted in gray) and two domain-specific task networks (highlighted in blue and green, respectively). The image trans-
lation network learns to translate input images from one domain to the other. The input and the translated images are then
fed to their corresponding domain-specific task networks to perform task predictions. Our main contribution lies in the use
of cross-domain consistency loss Lqnsis for regularizing the network training.

As our task models produce different outputs for differ-
ent tasks, our cross-domain consistency 1oss Lopsis 1S fask-
dependent. For depth prediction task, we use the ¢; loss for
the cross-domain consistency loss Lonsis- For optical flow
estimation task, the cross-domain consistency 1oss Leonsis
computes the endpoint error between the two task predic-
tions.

3.4. Other losses

In addition to the proposed cross-domain consistency
loss Lconsis, We also adopt several other losses introduced
in [14, 48, 51] to facilitate the network training.

Task loss Li.sc. To guide the training of the two task net-
works Fis and Fr using labeled data, for each image-label
pair (Ig, ys) in the source domain, we first translate the
source domain image Is to Is_,7 by passing Is to Gg_r
(i.e., Is,7 = Gs—r(Ig)). Similarly, images before and
after translation should have the same ground truth label.
Namely, the label for Is_, 7 is identical to that of Ig which
iS Ys.

We can thus define the task loss Li,q; for training the
two domain-specific task networks Fg and Frp using la-
beled data. For semantic segmentation, we calculate the

cross-entropy loss between the task predictions and the cor-
responding ground truth labels as our task loss Ly,sk. Like-
wise, the task loss Ly, is also task dependent. We use /4
loss for depth prediction task and endpoint error for optical
flow estimation.

Feature-level adversarial loss £, In addition to im-
posing cross-domain consistency and task losses, we apply
two feature-level discriminators D‘CSeat (for source domain)
and DIt (for target domain) [51]. The discriminator D62t
helps align the distributions between the feature maps of Ig
(i.e., fg)and IT_, g (i.e., fr—g). To achieve this, we define
the feature-level adversarial loss in the source domain as
LY (Xs, X713 Gros, Fs, DE™)

adv

=Ersnxs [lOg(D?at(fS))] 3)
+ EITNXT [log(l - DfSeat(fT%S))]'

Similarly, Dg?at aligns the distributions be-
tween fr and fg_,p. This corresponds to another
feature-level adversarial loss in the target domain as
‘Cfeat(XTuXS;GS%T7]:T7D5§at)'

adv
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Image-level adversarial loss E;’gf. In addition to
feature-level adaptation, we also consider image-level adap-
tation between the translated images and those in the corre-
sponding domain. Similar to Zhu er al. [51], we deploy two
image-level discriminators Dg"® (for source domain) and
D8 (for target domain). The D4"® aims at aligning the
distributions between the image Ig and the translated one
Ir_,s. To accomplish this, we define the image-level ad-
versarial loss in the source domain as
L8 (Xg, Xr;Gr—s, D3™®)

adv

= Ero~x.[log(DE™(I5))] )
+ Erpoxp[log(l — DI (Ir-5))].

Similarly, we have another image-level adversarial loss
in the target domain as £,%(Xr, Xs; Gs—1, D7'®).
Reconstruction loss £,... Finally, we use an image re-
construction loss L. to regularize the training of the im-
age translation network. We exploit the property that when
translating an image from one domain to another followed
by performing a reverse translation, we should obtain the
same image. Namely, Gr_,s(Gs—1(Ig)) =~ Ig for any Ig
in the source domain and Gs—,7(Gr—s(Ir)) = I for any
I in the target domain hold.

More precisely, we define the reconstruction loss L, as

Liec (X5, X7;Gs—r,Grs)
=Erooxs|Gros(Gsor(Is)) — Is|1] )
+ Erpnxr [|Gs—1(Gros(Ir)) — Ir|l].

Following Zhu et al. [51], we use the ¢; norm to define
the reconstruction 10ss Lcc.

Based on the aforementioned loss functions, we aim to
solve for a target domain task network 7} by optimizing
the following min-max problem:

Fj =argmin min max L. (6)
Fr Igs,T Dime pime
- feat feat
ros D5 Dr"

Namely, to train our network using labeled source do-
main images and unlabeled target domain images, we min-
imize the cross-domain consistency loss L.onsis, the task
loss Lyiask, and the reconstruction loss Lro.. The image-
level adversarial loss £.1% and the feature-level adversar-
ial loss £t are optimized to align the image and feature
distributions within the same domain. The proposed cross-
domain consistency loss, in contrast, aligns the task predic-

tions in two different domains.

3.5. Implementation details

We implement our model using PyTorch. We use the
CycleGAN [51] as our image-to-image translation network

Gs—7 and Gr_,5. The structure of the image-level dis-
criminators D¢"® and D7"® consists of four residual blocks,
each of which is composed of a convolutional layer fol-
lowed by a ReLU activation. For the feature-level discrim-
inators Dgeat and Dg‘?at, we use the same architecture as
Tsai et al. [42]. The image-to-image translation network
Gs—r and Gr_g, and the discriminators Dg"¢, D58,
Df¢at and DI are all randomly initialized. We have a
batch size of 1, a learning rate of 10~3 with momentum
0.9, and set the weight decay as 5 x 10~*. Our hyper-
parameters setting: Aconsis = 10, Arec = 10, Ajmg = 0.1,
and Ageay = 0.001. We train our model on a single NVIDIA
GeForce GTX 1080 GPU with 12 GB memory.

4. Experimental Results
4.1. Semantic segmentation

We present experimental results for semantic segmenta-
tion in two different settings: 1) synthetic-to-real: adapt-
ing from synthetic GTAS [32] and SYNTHIA [33] datasets
to real-world images from Cityscapes dataset [5] and 2)
real-to-real: adapting the Cityscapes dataset to different
cities [4].

4.1.1 GTAS to Cityscapes

Dataset. The GTAS dataset [32] consists of 24,966 syn-
thetic images with pixel-level annotations of 19 categories
(compatible with the Cityscapes dataset [5]). Following
Hoffman et al. [14], we use the GTAS dataset and adapt
the model to the Cityscapes training set with 2, 975 images.

Evaluation protocols. We evaluate our model on the
Cityscapes validation set with 500 images using the mean
intersection-over-union (IoU) and the pixel accuracy as the
evaluation metrics.

Task network. We evaluate our proposed method using
two task networks: 1) dilated residual network-26 (DRN-
26) [46] and 2) FCN&8s-VGG16 [25]. For the DRN-26, we
initialize our task network from Hoffman et al. [14]. For
the FCN8s-VGG16, we initialize our task network from
Sankaranarayanan et al. [35].

Results. We compare our approach with the state-of-the-
art methods [41, 51, 24, 15, 14,7, 17, 35, 47]. The top block
of Table 1 presents the experimental results. Results on both
feature backbones show that our method performs favorably
against the state-of-the-art methods, outperforming the pre-
vious best competitors by 4.9% in mean IoU [17] when us-
ing the DRN-26 [46] and 1.0% in mean IoU [35] when us-
ing FCN8s-VGG16 [25]. We show that the proposed cross-
domain consistency loss Leonsis 18 critical for the improved
performance (e.g., adding Lopnsis improves the mean IoU
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Table 1: Experimental results of synthetic-to-real adaptation for semantic segmentation. We denote the top results as

bold and underlined.
GTA5 — Cityscapes

. 5 B g 2 2 g

g o = = 1 %) L=} g ) s 2 o) S - g 8 > g s}

2 = 2 2 £ £ ¥ E z & 2 =5 B - E

Method Backbone < 7 2 = & £ = &= = & # & & 3 = a = = [ £ [
Synth. [7] 68.9 19.9 52.8 6.5 13.6 9.3 11.7 8.0 75.0 1.0 56.5 36.9 0.1 51.3 8.5 4.7 0.0 0.1 0.0 229 71.9
DR [41] 67.5 235 65.7 6.7 12.0 11.6 16.1 13.7 70.3 8.3 71.3 39.6 1.6 55.0 15.1 3.0 0.6 0.2 33 25.5 73.8
CycleGAN [51] 89.3 45.1 81.6 275 18.6 29.0 357 17.3 79.3 294 71.5 59.7 15.7 85.3 18.2 14.8 1.4 219 12.5 39.6 86.6
UNIT [24] 90.5 385 81.1 23.5 16.3 30.2 25.2 18.5 79.5 268 778 592 17.4 844 222 16.1 1.6 16.7 16.9 39.1 87.1

FCNs ITW [15] DRN-26 [46] 70.4 324 62.1 14.9 54 10.9 14.2 2.7 79.2 21.3 64.6 441 42 70.4 8.0 73 0.0 35 0.0 27.1 -
CyCADA [14] 79.1 33.1 77.9 23.4 17.3 32.1 333 31.8 81.5 26.7 69.0  62.8 14.7 74.5 209 256 6.9 188 204 | 395 82.3
DS [7] 89.0 435 81.5 22.1 8.5 27.5 30.7 18.9 84.8 28.3 84.1 55.7 54 83.2 20.3 283 0.1 8.7 6.2 383 | 87.2
GAM [17] - - B - - B : R B B i - B B - . - o | 402 | 811
Ours W/0 Lconsis 89.1 449 809 275 188 302 35.6 17.1 79.5 27.2 71.6  59.7 16.1 84.6 18.1 14.6 E 22.1 10.9 394 | 85.8
Ours 95.1 492 864 352 221 36.1 409 29.1 850 331 75.8 673 268 889 234 193 43 253 13.5 45.1 89.2

Synth. [47] 18.1 6.8 64.1 7.3 8.7 21.0 149 168 459 24 644 416 17.5 55.3 8.4 5.0 6.9 43 13.8 223 -

Curr. DA [47] FCN8s [25] 749 220 717 6.0 11.9 8.4 16.3 11.1 75.7 133 66.5 38.0 9.3 55.2 188 189 0.0 16.8 16.6 28.9 -

LSD [35] 8.0 305 78.6 252 235 16.7 23.5 11.6 787 272 719 513 19.5 804 198 183 09 208 18.4 37.1 -
Ours 89.1 332 80.1 269 250 183 234 128 770 291 724 551 202 799 223 195 1.0 201 187 | 38.1 86.3

SYNTHIA — Cityscapes

Synth. [7] 28.5 108 49.6 0.2 0.0 18.5 0.7 5.6 65.3 - 71.6  36.6 6.4 43.8 - 2.7 - 0.8 10.0 18.5 54.6
DR [41] 313 16.7 59.5 22 0.0 19.7 0.4 6.2 64.7 - 67.3 43.1 39 35.1 - 8.3 - 0.3 55 19.2 579
CycleGAN [51] 588 204 716 1.6 0.7 279 2.7 8.5 73.5 - 73.1 453 16.2 67.2 - 149 - 79 247 27.1 71.4
UNIT [24] DRN-26 [46] 56.3 206 732 1.8 0.3 29.0 4.0 118 722 - 745 507 184 673 - 15.1 - 6.7 29.5 28.0 | 70.8

FCNs ITW [15] 11.5 19.6 30.8 44 0.0 20.3 0.1 11.7 42.3 - 68.7 512 3.8 54.0 - 32 - 0.2 0.6 17.0 -
DS [7] 67.0 28.0 753 4.0 0.2 29.9 3.8 157  78.6 - 780 540 154 69.7 - 12.0 - 9.9 19.2 29.5 | 76.5
Ours W/o Lconsis 58.3 17.2 64.3 2.0 0.7 243 2.6 59 72.2 - 70.8 419 10.3 64.2 - 125 - 8.0 21.3 29.8 75.3
Ours 622 212 728 42 0.8 30.1 4.1 10.7 76.3 - 73.6 456 149 69.2 - 14.1 - 122 23.0 | 334 | 795

Synth. [47] 5.6 11.2 59.6 8.0 0.5 21.5 8.0 53 72.4 - 75.6 351 9.0 23.6 - 4.5 - 0.5 18.0 | 22.0 -

Curr. DA [47] FCNSs [25] 652  26.1 74.9 0.1 0.5 10.7 35 3.0 76.1 - 70.6  47.1 8.2 432 - 20.7 - 0.7 13.1 29.0 -

LSD [35] - 801 2901 775 28 04 268 1LI 180 781 - 767 482 152 705 - 174 - 87 167 | 361 | -
Ours 849 328 80.1 43 04 294 142 21.0  79.2 - 783 502 159 69.8 - 234 - 11.0 15.6 | 38.2 | 84.7

by 5.7% and the pixel accuracy by 3.4% when adopting
the DRN-26 [46] as the task network). Figure 4 presents
an example that demonstrates the effectiveness of the pro-
posed cross-domain consistency 10ss Lconsis- We discover
that by applying the cross-domain consistency 10ss Lconsis»
our model produces more consistent and accurate results be-
fore and after image translation.

4.1.2 SYNTHIA to Cityscapes

Dataset. We use the SYNTHIA-RAND-
CITYSCAPES [33] set as the source domain which
contains 9,400 images compatible with the Cityscapes
annotated classes. Following Dundar et al. [7], we evaluate
images on the Cityscapes validation set with 16 classes.

Results. We compare our approach with the state-of-the-
art methods [41, 51, 24, 15, 7]. The bottom block of Table 1
presents the experimental results. In either DRN-26 [46]
or FCN8s [25] backbone, our method achieves state-of-the-
art performance. Likewise, we show sizable improvement
using the proposed cross-domain consistency 10ss Lconsis-

4.1.3 Cityscapes to Cross-City

Dataset. In addition to the synthetic-to-real adaptation,
we conduct an experiment on the Cross-City dataset [4]

which is a real-to-real adaptation. The dataset contains four
different cities: Rio, Rome, Tokyo, and Taipei, where each
city has 3,200 images without annotations and 100 images
with pixel-level ground truths for 13 classes. Following
Tsai et al. [42], we use the Cityscapes [5] training set as
our source domain and adapt the model to each target city
using 3, 200 images, and use the 100 annotated images for
evaluation.

Results. We compare our approach with the Cross-
City [4], the CBST [53], and the AdaptSegNet [42]. Table 2
shows that our method achieve state-of-the-art performance
on two out of four cities. Note that the results in Adapt-
SegNet [42] are obtained by using a ResNet-101 [13]. We
run their publicly available code with the default settings
and report the results using the ResNet-50 [13] as the fea-
ture backbone for a fair comparison. Under the same exper-
imental setting, our approach compares favorably against
state-of-the-art methods. Furthermore, we show that en-
forcing cross-domain consistency constraints, our method
effectively and consistently improves the results evaluated
on all four cities.

4.2. Single-view depth estimation

To show that our formulation is not limited to se-
mantic segmentation, we present experimental results for
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Ground truth

Input images

Ours w/0 Lconsis Ours

Figure 4: Visual results of semantic segmentation. We translate an image from Cityscapes to GTAS. For each input image,
we present the segmentation results with and without applying the cross-domain consistency loss.

Table 2: Experimental results of real-to-real adaptation for semantic segmentation.

Cross-City.

Adaptation: Cityscapes —

= Q

. f & . g 5y AR

. s 2 I B 5 % z & 2 = 5z & 2| i

City Method Feature backbone 4 %] m s 7} > 17} ~ [ @} m = M g
Cross-City [4] - 795 293 845 0.0 222 806 828 295 130 717 375 259 1.0 429
CBST [53] ResNet-38 [13] 87.1 439 897 148 477 854 903 454 266 854 205 498 103 | 53.6
Rome AdaptSegNet [42] | ResNet-101 [13] 839 342 883 188 402 862 93.1 478 217 809 478 483 8.6 53.8
AdaptSegNet [42] | ResNet-50 [13] 854 346  88.1 189 391 823 891 432 224 799 446 460 53 522
Ours w/o Lconsis | ResNet-50 [13] 844 312 877 186 380 807 854 435 19.8 794 453 442 5.1 51.0

Ours ResNet-50 [13] 902 372 912 220 411 86.3 917 471 25.1 83.0 48.0 475 6.2 55.1
Cross-City [4] - 742 439 790 2.4 7.5 778 695 393 103 679 412 279 109 | 425
CBST [53] ResNet-38 [13] 843 552 84 196 301 805 779 552 286 797 332 376 115 | 522
Rio AdaptSegNet [42] | ResNet-101 [13] 762 447 846 9.3 255 818 873 553 327 743 289 430 276 | 516
AdaptSegNet [42] | ResNet-50 [13] 758 439  80.7 7.7 21.1 80.8 88.0 512 274 711 256 437 269 | 495
Ours w/0 Lconsis | ResNet-50 [13] 747 441 812 53 192 807 863 523 277 692 241 454 252 | 489
Ours ResNet-50 [13] 775 433 812 101 232 797 882 574 319 722 291 389 224 | 504
Cross-City [4] - 834 354 728 123 127 774 643 427 215 641 20.8 8.9 403 | 428
CBST [53] ResNet-38 [13] 852 336 804 8.3 31.1 839 782 532 289 727 4.4 27.0 470 | 488
Tokyo AdaptSegNet [42] | ResNet-101 [13] 815 260 778 178 268 827 909 558 38,0 721 42 245  50.8 | 499
AdaptSegNet [42] | ResNet-50 [13] 76.0 253  78.1 154 223 813 911 452 346 693 2.3 207 482 | 469
Ours w/0 Lconsis | ResNet-50 [13] 723 249 776 143 231 809 907 436 352 689 3.1 19.8 424 | 459
Ours ResNet-50 [13] 82.1 293 782 182 275 831 912 564 378 743 9.5 260 521 | 512
Cross-City [4] - 78.6 28,6 80.0 13.1 7.6 682 821 16.8 9.4 60.4 340 265 9.9 39.6
CBST [53] ResNet-38 [13] 8.1 352 842 150 222 756 749 227 331 780 376 580 309 | 503
Taipei AdaptSegNet [42] | ResNet-101 [13] 817 295 8.2 264 156 767 917 310 125 715 411 473 277 | 49.1
AdaptSegNet [42] | ResNet-50 [13] 81.8 278 832 244 126 741 88.7 309 11.1 70.8 402 453 262 | 475
Ours W/o Lconsis | ResNet-50 [13] 796 269 841 237 141 728 865 303 9.9 69.9 406 447 258 | 468
Ours ResNet-50 [13] 797 281 851 244 164 743 879 295 128 69.8 400 468 281 | 479

single-view depth prediction task. Specifically, we use
SUNCG [38] as the source domain and adapt the model to
the NYUDv2 [37] dataset.

Dataset. To generate the paired synthetic training data,
we rendered RGB images and depth map from the SUNCG
dataset [38], which contains 45,622 3D houses with vari-
ous room types. Following Zheng et al. [48], we choose the
camera locations, poses and parameters based on the distri-
bution of real NYUDv2 dataset [37] and retain valid depth
maps using the criteria described by Song et al. [38]. In to-

tal, we generate 130, 190 valid views from 4, 562 different
houses.

Evaluation protocols. We use the root mean square error
(RMSE) and the log scale version (RMSE log.), the squared
relative difference (Sq. Rel.) and the absolute relative dif-
ference (Abs. Rel.), and the accuracy measured by thresh-
olding (§ < threshold).

Task network. We initialize our task network from the
unsupervised version of Zheng et al. [48].
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Table 3: Synthetic-to-real (SUNCG — NYUv2) adaptation for depth prediction. The column “Supervision” indicates
methods trained with NYUv?2 training data. We denote the top two results as bold and underlined.

Method | Supervision | Abs.Rel. | Sq.Rel.] RMSE] RMSElog. | | § <1.25¢4 4§<125°1 &§<1.25°%
Liu et al. [23] v 0.213 - 0.759 - 0.650 0.906 0.976
Eigen et al. [9] Fine v 0.215 0.212 0.907 0.285 0.611 0.887 0.971
Eigen et al. [8] (VGG) v 0.158 0.121 0.641 0.214 0.769 0.950 0.988
T2 Net [48] v 0.157 0.125 0.556 0.199 0.779 0.943 0.983
Synth. 0.304 0.394 1.024 0.369 0.458 0.771 0.916
Baseline (train set mean) 0.439 0.641 1.148 0.415 0.412 0.692 0.586
T?Net [48] 0.257 0.281 0.915 0.305 0.540 0.832 0.948
Ours w/o Lconsis 0.254 0.283 0911 0.306 0.541 0.835 0.947
Ours 0.233 0.272 0.898 0.289 0.562 0.853 0.952
Results. Table 3 shows the comparisons with prior meth- Table 4: Experimental results of synthetic-to-real adap-

ods [23, 9, 8, 48]. Here, the column “Supervision” indicates
that the method is learned in a supervised fashion. While
not directly comparable, we report their results for com-
pleteness. Under the same experimental settings, we ob-
serve that our method achieves state-of-the-art performance
on all adopted evaluation metrics. Moreover, with the in-
tegration of the cross-domain consistency 10ss Lonsis, OUT
method shows consistently improved performance.

4.3. Optical flow estimation

We show evaluations of the model trained on a synthetic
dataset (i.e., MPI Sintel [2]) and test the adapted model on
real-world images from the KITTI 2012 [12] and KITTI
2015 [29] datasets.

Dataset. The MPI Sintel dataset [2] consists of 1,401 im-
ages rendered from artificial scenes. There are two ver-
sions: 1) the final version consists of images with motion
blur and atmospheric effects, and 2) the clean version does
not include these effects. We use the clean version as the
source dataset. We report two results obtained by 1) using
the KITTI 2012 [12] as the target dataset and 2) using the
KITTI 2015 [29] as the target dataset.

Evaluation protocols. We adopt the average endpoint er-
ror (AEPE) and the F1 score for both KITTI 2012 and
KITTI 2015 to evaluate the performance.

Task network. Our task network is initialized from the
PWC-Net [40] (without finetuning on the KITTI dataset).

Results. We compare our approach with the state-of-the-
art methods [40, 31, 19]. Table 4 shows that our method
achieves improved performance on both datasets. When
incorporating the proposed cross-domain consistency loss
Lconsis» our model improves the results by 1.76 in terms
of average endpoint error on the KITTI 2012 test set and
10.6% in terms of F1-all on the KITTI 2015 test set.

tation for optical flow estimation. Left: MPT Sintel —
KITTI 2012. Right: MPI Sintel — KITTI 2015.
The column “finetune” indicates that method is finetuned
on the KITTI dataset. The bold and the underlined numbers
indicate top two results, respectively.

KITTI 2012 KITTI 2015
Method finetune | AEPE  AEPE  F1-Noc | AEPE Fl-all Fl-all
train test test train train test

SpyNet [31] v 4.13 4.7 12.31% - - 35.05%
FlowNet2 [19] v 1.28 1.8 4.82% 2.30 8.61% 10.41%
PWC-Net [40] v 1.45 1.7 4.22% 2.16 9.80% 9.60%
FlowNet2 [19] 4.09 - - 10.06  30.37%

PWC-Net [40] 4.14 422 8.10% 10.35 33.67% -
Ours W/o Lconsis 4.16 4.92 13.52% 10.76 3401%  36.43%
Ours 2.19 3.16 8.57% 8.02 23.14%  25.83%

4.4. Limitations

Our method is memory-intensive as the training involves
multiple networks at the same time. Potential approaches
to alleviate this issue include 1) adopting partial sharing on
the two task networks, e.g., share the last few layers of the
two task networks, and 2) sharing the encoders in the image
translation network (i.e., Gs_,r and Gr_,g).

5. Conclusions

We have presented a simple yet surprisingly effective
loss for improving pixel-level unsupervised domain adap-
tion for dense prediction tasks. We show that by incorporat-
ing the proposed cross-domain consistency loss, our method
consistently improves the performances over a wide range
of tasks. Through extensive experiments, we demonstrate
that our method is applicable to a wide variety of tasks.
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