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Abstract

Exploiting photo-realistic synthetic data to train seman-
tic segmentation models has received increasing attention
over the past years. However, the domain mismatch be-
tween synthetic and real images will cause a significant per-
formance drop when the model trained with synthetic im-
ages is directly applied to real-world scenarios. In this pa-
per, we propose a new domain adaptation approach, called
Pivot Interaction Transfer (PIT). Our method mainly fo-
cuses on constructing pivot information that is common
knowledge shared across domains as a bridge to promote
the adaptation of semantic segmentation model from syn-
thetic domains to real-world domains. Specifically, we first
infer the image-level category information about the target
images, which is then utilized to facilitate pixel-level trans-
fer for semantic segmentation, with the assumption that the
interactive relation between the image-level category infor-
mation and the pixel-level semantic information is invariant
across domains. To this end, we propose a novel multi-level
region expansion mechanism that aligns both the image-
level and pixel-level information. Comprehensive experi-
ments on the adaptation from both GTAV and SYNTHIA
to Cityscapes clearly demonstrate the superiority of our
method.

1. Introduction

Towards thorough autonomous-driving, road scene seg-
mentation, which aims to acquire detailed understanding
about road environments, is a key functionality. Over the
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past few years, deep convolutional neural networks have
gained great advances in semantic segmentation [21, 2, 19].
However, to train a good segmentation model, it usually re-
quires a huge amount of time and labor effort to obtain suf-
ficient pixel-level annotations of real-world images before-
hand. To reduce the labeling consumption, one can turn to
collect photo-realistic synthetic data from game simulators
(e.g., Grand Theft Auto V), where the full pixel-level anno-
tations can be generated automatically [27, 28]. But due to
the clear domain difference between the synthetic (source)
images and real-world (target) images, it will cause a dra-
matic performance drop if the model trained with the syn-
thetic images is directly applied to real-world scenarios.

In order to promote the adaptation of semantic segmen-
tation model from synthetic domains to real-world domains,
we propose a novel domain adaptation approach dubbed
Pivot Interaction Transfer (PIT) by constructing pivot infor-
mation that is common knowledge shared across domains
to bridge the domain gap. To this end, we first infer the
image-level category information about the target images,
which can be less challenging to estimate due to the strong
idiosyncrasies of urban traffic scenes (e.g., the region size
and spatial layout of buildings, lights, persons, etc.) [41].
There exists a strong interaction between the image-level
categories and the pixel-level semantic information: the
image-level category information provides global estima-
tion of the categories appeared in the whole image, and
in the meanwhile, suppresses implausible pixel-level label
prediction for segmentation; on the other hand, the specific
pixel-level label information in each image will immedi-
ately reveal the image-level categories. Since the images
of urban traffic scenes have very strong idiosyncrasies [41],
the interactive relation between the image-level categories
and the pixel-level semantic information can be invariant
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regardless of different domains. Hence, we can treat this
domain-invariant information as the transferrable factor that
could be utilized to facilitate pixel-level transfer for seman-
tic segmentation. Unlike the prior works that focus on learn-
ing domain-invariant representations of instances by using
domain adversarial training [15, 32, 42, 8, 30], our method
constructs the transferrable factors across different domains
explicitly.

Our model includes two interactive components: 1) the
fine-grained component produces the segmentation masks
for semantic segmentation; 2) the coarse-grained compo-
nent generates class activation maps through learning from
the image-level category information. As displayed in Fig.
1, the coarse-grained component contains multiple region
expansion units, each of which can produce a different class
activation map by using a specific aggregation operation.
To model the interactive relation between the two compo-
nents, we adopt a reconstruction mechanism to reconstruct
the class activation map of the fine-grained component by
the class activation maps of the coarse-grained component.
The knowledge transfer insight lies in sharing the recon-
struction module between the source and target domains,
with the intuition that the interactive relations between the
category information of the two different granularity levels
are domain-invariant. To this end, the reconstruction loss in
the target domain promotes effective information flow from
the inferred image-level category information to the pixel-
level prediction. Unlike the prior works [42, 8, 34], our
method does not involve the minimax games in adversarial
training which are usually hard to solve.

The main contributions of this work are as follows:

e We propose a new domain adaptation approach by con-
structing pivot information that is common knowledge
shared across domains to promote the adaptation of se-
mantic segmentation models.

e We propose a multi-level region expansion mechanism
to model the domain-invariant interaction between the
image-level categories and the pixel-level semantic in-
formation.

e Comprehensive experiments on the adaptation from
both GTAV and SYNTHIA to Cityscapes demonstrate
that our method can obtain better results than the ex-
isting state-of-the-art works.

2. Related Works
2.1. Semantic segmentation

Semantic segmentation is a very important visual task.
Based on Fully Convolutional Networks (FCN) [21], di-
verse advanced designs, e.g. multi-scale aggregation [2, 19,
40], context relation [44, 20], etc, are proposed to improve
the performance of semantic segmentation neural networks.
In addition, post-processing techniques such as conditional

random fields [45] can also be utilized as an effective tool
to further improve the segmentation performance. How-
ever, the training of segmentation networks requires a large
amount of real-world images with pixel-level annotations,
which are usually difficult to collect.

2.2. Domain adaptation

Machine learning works based on the assumption that
the training and test data are drawn from the identical dis-
tribution. It will cause a dramatic performance drop if the
training and test datasets have clear domain discrepancy.
Domain adaptation focuses on how to bridge the domain
gap and obtain good generalization performance on the tar-
get data. Over the past years, domain adaptation is mainly
studied in image recognition [12, 43, 4, 17]. In general,
the main idea of the existing domain adaptation methods
is to learn domain-invariant representations in deep neural
networks [22, 12, 43] or generate pseudo labels of target
images to adapt the prediction models [29, 11].

2.3. Domain adaptation for semantic segmentation

Exploiting photo-realistic synthetic data to train seman-
tic segmentation models has received increasing attention
over the recent years. Similar to classification, one of
the primary approaches towards domain adaptation for se-
mantic segmentation is to learn domain-invariant represen-
tation of instances by domain adversarial training [8, 6,
30, 42, 10, 35, 23]. Alternative approaches are also ex-
plored. To be specific, the domain gap can also be re-
duced through directly translating the source images into
target-style images with Generative Adversarial Networks
(GANS) [25, 14,7, 18]. Recently, the structural consistency
between domains is exploited to promote the adaptation of
semantic segmentation neural networks [34, 5, 1, 24, 37].
Additionally, domain adaptation can be implemented by
learning from a pre-defined curriculum as well [31, 41].
Some other works are inspired by the methods in semi-
supervised learning, such as self-training [47] or entropy
minimization [3, 36].

3. Motivation

Pivot knowledge. With only sufficient pixel-level labels
in the source domain, the distribution mismatch between
domains makes it infeasible to directly apply a model
trained with synthetic images to real-world images. Fol-
lowing the domain adaptation methods in image classifica-
tion, the prior works propose to learn domain-invariant fea-
ture space of instances by using domain adversarial train-
ing [15, 32, 42, 8, 30]. However, this is not suitable for
semantic segmentation since it remains unclear what com-
prises the data instances, i.e. the proxy to evaluate domain
discrepancy, in semantic segmentation [41].
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Figure 1: The overall architectural of our proposed model. The images from source and target domains will be input to
both the fine-grained and coarse-grained components. Our method addresses the adaptation of semantic segmentation neural
networks through modeling domain-invariant interaction between the fined-grained component using pixel-level category
information and the coarse-grained component using image-level category information. In the corse-grained component, the
region expansion units are specified by different colors. The notation “Conv” denotes a convolutional layer.

Unlike the prior methods, this work aims to address the
adaptation of semantic segmentation neural networks by
explicitly constructing pivot information that is invariant
across different domains. Thanks to the strong idiosyn-
crasies of urban traffic scenes, it is less challenging to in-
fer the image-level category information of target images
than producing the pixel-level predictions [41]. Immedi-
ately, it is clear that there exists a strong association be-
tween image-level categories and pixel-level semantic in-
formation [46, 16]. We argue that the interactive relation
between the category information of the two different gran-
ularity levels is invariant across domains. This assumption
can be reasonable since the images of urban traffic scenes
share many similarities regardless of different domains. For
example, as shown in Fig. 1, the synthetic and real-world
images have very similar appearance in both spatial layout
and local context for one specific category, e.g. road, car,
building, etc. Motivated by this, we consider the interac-
tion between the image-level categories and the pixel-level
semantic information as the pivot information for domain
adaptation.

Multi-level region expansion transfer. A crucial point lies
in how to model this interaction. To this end, our model
includes two components to learn from the category in-
formation of different granularity levels, as shown in Fig.

1. The fine-grained component produces the segmentation
masks for semantic segmentation, while the coarse-grained
component generates class activation maps through learn-
ing from the image-level category information. The key
insignt in learning from image-level information is to lo-
calize a specific category and expand its region to coincide
with the boundary. However, for urban traffic scenes, it is
usually difficult to determine the extent of region expansion
since the region size varies a lot across different categories.
Motivated by this, we propose to design multiple region
expansion units in the coarse-grained component, each of
which can produce a different class activation map by using
a specific aggregation operation. The class activation map
of each region expansion unit can reveal some aspect of the
pixel-level ground truth, but they are generally inaccurate.

To associate the fine-grained and coarse-grained compo-
nents, we integrate the class activation maps of the coarse-
grained component with a weighting scheme and enforce
them to reconstruct the class activation map of the fine-
grained component. The transfer insight is reflected by
sharing this reconstruction module between the source and
target domains. To this end, the reconstruction loss in the
target domain promotes effective information flow from the
inferred image-level category information to the pixel-level
prediction. Hence, the interactive relation captured from
the source images can be transferred to the target domain,
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which helps to infer the pixel-level labels given the inferred
image-level category information.

4. Pivot interaction transfer
4.1. Problem statement

Denote by I, € REXWx3 3 source image and Y, €
{0, 1}7XWXC the corresponding pixel-level labels, where
H, W and C are the height, width and category num-
ber, respectively. In the problem of domain adaptation
for semantic segmentation, we are given a labeled source
dataset Ds = {(Is, Ys)}scs and an unlabeled target dataset
Dy = {I,}tc7 for training. Our goal is to learn a good
segmentation network that can achieve desirable pixel-level
prediction performance over the target domain.

4.2. Approach

Image-level category information. Following [41], we
extract image features from Inception-ResNet-v2 [33] and
use multinomial logistic regression to infer the image-level
category information of target images. We train the logistic
regression model using the soft label y, € [0, 1]¢, which is
calculated as follows:

1 H W
ys(c) = ﬁzzn(lajvc)

i=1j=1
It is clear that y reflects the occupancy proportion of each
category over an image. For a target image, we directly
take the output of the multinomial logistic regression model
as its image-level category information, which is denoted
by Y.

Fine-grained component. As displayed in Fig. 1, our
model includes two interactive components to learn from
different granularity levels. Both the fine-grained and
coarse-grained components share a common feature extrac-
tor, i.e. the fully convolutional backbone, which transforms
the input images X,,, to high-level semantic features F;,,,
where m € S U 7T. Then, the fine-grained component
further transforms F;, via a convolution layer and a bi-
linear interpolation layer to produce the class activation map
S,, € REXWXC The final pixel-level labels are produced
by feeding S,, to the softmax layer: Y;, = softmax(S,, ).

Coarse-grained component. The coarse-grained compo-
nent includes K region expansion units, each of which
transforms F;,, via a convolution layer and a bi-linear in-
terpolation layer to produce a class activation map S¥ €
RHXWXC = Then, a Log-Sum-Exp (LSE) aggregation
layer [26] will process S* to generate an image-level vector
sk € ROX1:

1 H W
sk (c) = log ﬁzzexp(rk-sfn(i,j,c)) NG

i=1 j=1

The final image-level labels are produced by feeding s*, to
the sigmoid layer: §*, = sigmoid(s¥,).

Each region expansion unit is trained with the image-
level category information independently. The aggregation
layer can drive the network towards good pixel-level assign-
ments over the class activation map S¥,. In order to produce
class activation maps that can reveal different aspects of the
pixel-level ground truth, each unit uses a different aggre-
gation operation, which is reflected by the value of * in
Eq. 1. In principle, the LSE aggregation operation acts
as a smooth version of the max pooling aggregation. The
hyper-parameter r* is the smooth parameter that controls
how smoothly the activation value of each pixel contributes
to the aggregation output value s*(c). Specifically, the ag-
gregation operation with a large value of 7* tends to select
the regions with large activation values to generate the out-
put. Hence, the region expansion unit can only expand a
small region over S¥, for each image-level category. On the
other hand, the one with a small value of 7* tends to equally
consider every spatial position in the activation map to gen-
erate the output and hence makes the region expansion unit
expand a large region over S¥ . The class activation map
of each region expansion unit can reveal some aspect of the
pixel-level ground truth, but none of them is absolutely ac-
curate, since the region size varies a lot across different cat-
egories in the images of urban traffic scenes. With multiple
LSE expansion units, network is able to learn to perform
different level of expansion and adapt to the object regions.

Interaction transfer. The individual components for
image-level and pixel-level prediction cannot exploit the in-
teractive relations between the category information of dif-
ferent granularity levels. Hence, we propose a reconstruc-
tion mechanism to model the interactions between these two
components. To this end, we integrate the class activation
maps of the coarse-grained component with a weighting
scheme and enforce them to reconstruct the class activation
map of the fine-grained component, which is formulated as

follows:
2

K
§ k k

dnL = w Sm - Sm 5
k=1

where w* are learnable parameters. The reconstruction

mechanism can promote to exchange knowledge across the
two components and capture the domain-invariant interac-
tion between the image-level categories and the pixel-level
semantic information.

Training. In unsupervised domain adaptation, only the
source images have pixel-level labels. Hence, we train the
fine-grained component with source images:

Lr=" Loeg(Yim, V),

meS
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where L. is the pixel-wise cross-entropy loss. The coarse-
grained component is trained with both source and target
images:

K C
Ec: Z Zzﬁimg(ym<c)7yi€n(c))a

meSUT k=1 c=1

where L;,,4 is the cross-entropy loss trained with soft la-
bels. The image-level labels of the target images are pro-
duced by the multinomial logistic regression model trained
with source images. The reconstruction loss involves both
the source and target domains:

Lo= Y dn.

meSUT

To sum up, with the above sub-objectives, our final loss
function can be formulated as follows:

L= L+ NLe+ MLy,

where A, and A, are trade-off parameters that weigh the
importance of the corresponding terms.

5. Experiments
5.1. Experimental setup

We follow the common protocol of previous works [34,
5, 1] and conduct experiments on the standard benchmark
settings, including both “GTAV to Cityscapes” and “SYN-
THIA to Cityscapes”. Specifically, we take GTAV or SYN-
THIA datasets with pixel-level annotations as the source do-
main and Cityscapes dataset without any annotations as the
target domain.

Cityscapes is a dataset that contains real-world photos from
the urban traffic scenes of 50 different cities in Germany [9].
Its official data split includes 2,975 training images and
500 validation ones, each of which has a resolution of
2048 x 1024. There exist 19 possible semantic labels for
each pixel. Following the prior works [1, 34], we evaluate
the performance on the validation set of Cityscapes.

GTAV is a dataset that contains synthetic images rendered
from the game engine of Grand Theft Auto V [27]. It in-
cludes 24,966 images with a resolution of 1914 x 1052.
The pixel-level labels, which are generated automatically
by computer graphics techniques, are fully compatible with
Cityscapes. In experiments, 19 common categories between
GTAV and Cityscapes are of interest.

SYNTHIA is another synthetic dataset that contains 9,400
photo-realistic images with a resolution of 1280 x 960 ren-
dered from virtual scenes [28]. Like GTAV, the pixel-
level labels are automatically produced and compatible with
Cityscapes. Following the previous works [34, 5], we use

the SYNTHIA-RAND-CITYSCAPES subset in the experi-
ments and evaluate performance on 16 common categories
between SYNTHIA and Cityscapes.

5.2. Implementation details

We conduct experiments employing deeplab-v2 with
ResNet-101 [2] and FCN8s with VGG-16 [21], both of
which are pre-trained on ImageNet, as the base networks.
Similar to [34], the images of GTAV and Cityscapes are
resized to the resolution of 1280 x 640 and 1024 x 512,
respectively. The resolution of SYNTHIA images remains
unchanged. To validate the robustness of our method, we
adopt the same hyper-parameter setting in both “GTAV to
Cityscapes” and “SYNTHIA to Cityscapes”. The model is
trained by the Stochastic Gradient Decent (SGD) optimizer
with the initial learning rate of 2.5 x 10~° and the momen-
tum of 0.9. The maximum iteration number is set to 200,000
and the batch size is set to 4. The learning rate decreases
according to the polynomial decay policy with power of
0.9. We use 3 region expansion units in our model, with
the hyper-parameters 7* set to {0.5,1,1.5}. The values of
A and A, are set to 0.5.

The implementation of the logistic regression model fol-
lows [41]. In the regression head, there is only one layer.
SGD optimizer with the initial learning rate of 1.0 x 10~4
and the momentum of 0.9 is used. The learning rate sched-
uler follows exponential decay policy with the decay rate of
0.99 and the minimum learning rate of 1.0 x 107°,

5.3. Performance comparison

Our proposed method is compared with the existing
state-of-the-art methods, including [23, 35, 7, 37, 1, 24, 3,
36, 14,47, 6, 34, 8, 13, 42, 39]. Of these, the works [23, 35,
42, 6, 8, 39] mainly focus on leaning domain-invariant rep-
resentation of instances; the works [7, 14] directly translate
the source images into target-style images with GANSs; the
works [37, 5, 1, 24, 34] exploit the structural consistency
between domains through conducting domain-adversarial
training at the output space of semantic segmentation net-
works; the works [3, 36, 47] are inspired by the semi-
supervised learning methods such as self-training or en-
tropy minimization; and Saleh et al. [13] stands out from
the other works by domain flow generation. We adopt the
mean Intersection-Over-Union (mloU) value as the metric
of evaluation.

GTAV to Cityscapes. We display the comparisons of un-
supervised domain adaptation from GTAV to Cityscapes in
Table 1. The following observations can be drawn. First,
domain adaptation approaches can outperform the “source
only” models that are trained with only the source images
by a large performance gain. This observation validates
the effectiveness of using domain adaptation techniques to
promote the adaptation of semantic segmentation networks.
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Table 1: Comparison on “GTAV to Cityscapes” in terms of per-class IoUs and mIoU (%).

2 £ 2 = 8 s =z £ £ .. . & 5 _ % , = % 32|3R
Method BaseModel | & B 2 ERN g 2 2 B 5 £ g B g 2 g g 2 E
Source only [39] 725 251 712 66 134 123 110 47 761 164 677 431 80 704 113 48 00 139 04 |278
Source only(ours) 66.5 233 682 17.1 121 145 160 40 796 167 642 403 21 708 205 168 20 89 00 |286
DPR [35] 873 357 795 320 145 215 248 137 804 320 705 505 169 81.0 208 281 41 155 41 |375
ROAD 6] 854 312 786 279 222 219 237 114 807 293 689 485 141 780 191 238 94 83 00 [359
SIBAN [23] 834 130 778 204 17.5 246 228 9.6 813 296 773 427 109 760 228 179 57 142 20 |342
DCAN [39] 823 267 774 237 205 204 303 159 809 254 695 526 111 796 249 212 13 170 6.7 |362
CrDoCo [7] VGG-16 | 89.1 332 80.1 269 250 183 234 128 770 290 724 551 202 799 223 195 1.0 201 187|381
CyCADA [14] 852 372 765 218 150 238 229 215 805 313 607 505 90 769 17. 282 45 98 00 |354
AdaptSeg [34] 873 298 786 211 182 225 215 110 797 296 713 468 65 80.1 230 269 00 106 03 |350
CLAN [24] 88.0 30.6 792 234 205 261 230 148 81.6 345 720 458 79 805 266 299 00 107 0.0 [366
AdVEnt [36] 869 287 787 285 252 17.1 203 109 800 264 702 471 84 815 260 172 189 117 1.6 |36.1
CBST [47] 904 508 720 183 95 272 286 141 824 251 708 426 145 769 59 125 12 140 286 |36.1
PIT(ours) 862 350 821 311 221 232 294 285 793 318 819 521 232 804 295 269 307 205 12 |418
Source only [35] 758 168 772 125 210 255 301 20.0 813 246 703 538 264 499 172 259 65 253 360 | 36.6
Source only(ours) 752 202 777 226 209 257 278 183 801 98 731 560 230 654 270 68 27 218 343|362
DPR [35] 923 519 821 202 251 245 338 330 824 328 822 586 272 843 334 463 22 295 323|465
SIBAN [23] 885 354 795 263 243 285 325 183 812 40.0 765 581 258 82.6 303 344 34 216 215|426
FCAN [42] e e
AdaptSeg [34] ResNet10] | 865 360 799 234 233 239 352 148 834 333 756 S85 276 737 325 354 39 30. 281|424
CLAN [24] 87.0 271 79.6 273 233 283 355 242 83.6 274 742 586 280 762 331 367 67 319 314|432
DISE [1] 915 475 825 313 256 33.0 337 258 827 288 827 624 308 852 277 345 64 252 244|454
AdvEnt [36] 894 331 81.0 266 268 272 335 247 839 367 788 587 305 848 385 445 17 31.6 324|455
MSL [3] 894 430 821 30.5 213 303 347 240 853 394 782 630 229 846 364 430 55 347 335|464
DLOW [13] 87.1 335 805 245 132 298 295 266 826 267 818 559 253 780 335 387 00 229 345|423
PIT(ours) 875 434 788 312 302 363 399 420 792 371 793 654 375 832 460 456 257 235 499 | 50.6

Moreover, our method can achieve significantly better re-
sults than that of the compared state-of-the-art works. In
particular, our method is good at predicting foreground
objects, such as “light”, “person”, “motorcycle”, “sign”,
“rider”, “truck”, “train”, etc. It is because that the image-
level predictions in corse-grained component can explicitly
encourage the region activation for these foreground classes
in the class activation map and thus improve the perfor-
mance.

In Fig. 2, we further display the qualitative segmentation
results. We can see that the segmentation masks obtained
by our method can reflect a good understanding of the road
traffic scenes. Both the dominant background classes (e.g.
“road”, “sidewalk” and “building”) and foreground objects
(e.g. “light”, “person” and “car”’) can be well predicted.

SYNTHIA to Cityscapes. Comparisons are also conducted
on the “SYNTHIA to Cityscapes” setting. From Table 2, it
is clear that our method can outperform the compared meth-
ods with a large performance gain. We can draw the similar
discussions as in “GTAV to Cityscapes”. Our approach is
also potential to be applied to other domain adaptation sce-
narios like semantic segmentation cross weather conditions,
lighting conditions or cities in autonomous driving, due to
the relatively constant appearance of each category.

5.4. Analysis

We further report the ablation study results to demon-
strate the contributions of each design in our proposed
method in Table 3. The first row displays the performance

of the full PIT model. From the next two rows, it is clear
that both the two losses, L. and £, are essential to obtain a
good segmentation model. Specifically, for the second row,
when the coarse-grained component does not learn from
the image-level categories, the reconstruction loss cannot
capture correct interactions for transfer. For the third row,
when the fined-grained and coarse-grained components do
not interact with each other, the model will fail to exploit
the underlying domain-invariant correlations between them.
Furthermore, we evaluate the performance decoupling the
source images from the reconstruction loss, which is dis-
played in the fourth row. It is clear that this will cause a
significant performance drop, which demonstrates that the
interactions between the two different granularity levels are
mainly captured by the source domain, and then transferred
to the target domain. This result confirms our assump-
tion that the interactive relation between the image-level
and pixel-level category information is the pivot informa-
tion shared by different domains. In the next three rows, we
evaluate the performance using one expansion unit to model
the interactive relation. We can see that only one region ex-
pansion unit is insufficient to exploit the pivot knowledge
for transfer. We draw two reasons for this. First, with
one region expansion unit, the reconstruction loss can only
model a very simple interactive relation, i.e. a scaling rela-
tion, between the class activation maps of the two compo-
nents. Second, for urban traffic scenes, since the region size
varies a lot across different categories, one single region ex-
pansion unit can only capture some aspect of the pixel-level
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Table 2: Comparison on “SYNTHIA to Cityscapes” in terms of per-class IoUs and mIoU (%). The mIoU* column denotes
the mean IoU over 13 categories excluding those marked by *.

s ¢ 2 & 3 3% oz & s E s . % 3133

Method Base Model g % = B 8 g = 3 ES ; g b= g 2 g § E E

Source only [39] 108 11.4 66.6 1.6 0.1 169 5.5 141 742 762 46.0 11.5 454 15.1 6.0 13.4 | 259 | 304
Source only(ours) 8.6 9.6 76.3 1.3 0.5 5.5 6.7 3.9 743 713 399 7.3 70.0 174 3.5 6.2 25.1 | 30.3
DPR [35] 726 295 772 3.5 04 21.0 1.4 7.9 733 79.0 457 145 694 196 7.4 16.5 | 33.7 | 39.6
SIBAN [23] 70.1 257 80.9 - - - 3.8 7.2 723 805 433 5.0 733  16.0 1.7 3.6 - 37.2
DCAN [39] 799 304 708 1.6 0.6 223 6.7 23.0 769 739 419 167 61.7 11.5 103 38.6 | 354 | 41.6
CWDA [8] VGG-16 62.7 256 783 - - - 1.2 54 81.3 81.0 374 64 63.5 16.1 1.2 4.6 - 35.7
AdaptSeg [34] 789 292 755 - - - 0.1 4.8 72.6 767 434 8.8 71.1 16.0 3.6 8.4 - 37.6
CLAN [24] 80.4 30.7 747 - - - 1.4 80 77.1 79.0 465 89 738 182 22 9.9 - 39.3
AdvEnt [36] 679 294 1719 6.3 03 199 0.6 26 749 749 354 96 67.8 214 4.1 155 | 314 | 36.6
CBST [47] 69.6 287 69.5 121 0.1 254 119 136 820 819 491 145 66.0 6.6 3.7 324 | 354 | 36.1
PIT(ours) 81.7 269 784 6.3 02 198 134 174 767 741 475 224 760 21.7 19.6 27.7 | 38.1 | 449
Source only [35] 556 238 746 92 02 244 6.1 121 748 79.0 553 19.1 39.6 233 137 250 | 33.5 | 38.6
Source only(ours) 574 215 746 32 0.7 46 7.8 9.7 726 80.0 53.7 218 385 221 11.8 248 | 31.5 | 38.2
DPR [35] 824 380 786 8.7 0.6 26.0 3.9 1.1 755 846 535 216 714 326 193 31.7 | 400 | 46.5
SIBAN [23] 825 240 794 - - - 165 127 792 828 583 180 793 253 176 259 - 46.3
AdaptSeg [34] 843 427 715 - - - 4.7 70 779 825 543 21.0 723 322 189 323 - 46.7
CLAN [24] ResNet-101 81.3 370 80.1 - - - 16.1 13.7 782 81,5 534 212 730 329 226 307 - 47.8
DISE [1] 91.7 535 77.1 2.5 02 271 6.2 76 784 812 558 192 823 303 17.1 343 - 41.5
DADA [37] 89.2 448 814 6.8 0.3 262 8.6 11.1  81.8 84.0 547 193 79.7 407 140 388 | 42.6 | 49.8
AdvEnt [36] 85.6 422 79.7 8.7 04 259 54 8.1 80.4 84.1 579 238 733 364 142 330 | 41.2 | 480
MSL [3] 829 40.7 803 102 08 258 128 182 825 822 53.1 180 79.0 314 104 356 | 414 | 482
PIT(ours) 83.1 27.6 815 8.9 03 21.8 264 338 764 788 642 276 79.6 312 31.0 313 | 440 | 51.8

Table 3: Ablation study of the proposed PIT in terms of
mlIOU (%). The notation —L,.(S) indicates decoupling the
source data from the reconstruction loss.

. GTAV SYNTHIA
Model design
VGG-16 Res-101 VGG-16 Res-101

Full model 41.8 50.6 38.1 44.0
L(S+T) 359 40.8 34.8 36.2
L (S+T) 34.2 38.0 32.1 37.3
-L,(S) 36.4 38.5 352 39.9
Unit I (r = 0.5) 38.2 44.9 353 40.1
Unit2 (r = 1) 39.2 452 34.8 41.1
Unit 3 (r = 1.5) 37.5 45.7 36.1 39.6

Table 4: Comparisons with different number of region ex-
pansion units in terms of mIOU (%).

. GTAV SYNTHIA
Number (%) VGG-16 | Res-101 | VGG-16 | Res-101
1({05h) 382 449 353 201
2({05.1}) 402 482 37.3 425
3({05,1.0,1.5}) 418 50.6 38.1 44.0
4({05,1.0,1.52.0}) 413 50.7 37.0 435

ground truth. Hence, the coarse-grained component cannot
learn enough information for transfer. We display the class
activation map of each region expansion unit in Fig. 3. It is
clear that the class activation map of each region expansion
unit can reveal some aspect of the pixel-level ground truth,
but none of them is absolutely accurate.

Moreover, we conduct comparisons with different num-
ber of region expansion units as shown in Table 4. We can
see that the performance is improved gradually when we
increase the number of region expansion units from 1 to

Table 5: Comparisons of different domain adaptation set-
tings in terms of mIOU (%). UDA denotes the unsupervised
domain adaptation setting and WDA denotes the weakly-
supervised domain adaptation setting.

Setting (method) GTAV SYNTHIA
VGG-16 Res-101 VGG-16 Res-101
UDA (ours) 41.8 50.6 38.1 44.0
WDA (ours) 43.8 529 42.4 47.3
WDA (ODC [38]) 374 - 35.7 -

3. The performance begins to drop when we use 4 region
expansion units. We ascribe it to the reason that the interac-
tions between image-level and pixel-level information have
already been captured by using 3 region expansion units. It
will introduce more parameters and cause the problem of
overfitting if more expansion units are used.

5.5. Weakly-supervised domain adaptation

The accuracy of the image-level categories of the target
domain is essential to obtain good performance. Obviously,
our method is also suitable for the weakly-supervised do-
main adaptation setting, in which the image-level labels of
the target domain are available during training. The image-
level labels reveal whether a specific category exists in a
target image. We report the comparisons of different do-
main adaptation settings in Table 5. We can see that our
method obtains even better results given the image-level
ground truth of target images. However, the performance
of the unsupervised setting is generally close to that of the
weakly-supervised setting. This reflects that the multino-
mial logistic regression model can predict the image-level
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(a) target image (b) ground truth

(c) source only (d) PIT

Figure 2: Qualitative results on “GTAV to Cityscapes”, (a) target images, (b) ground truth, (c) segmentation results of the
“source only” baseline, (d) segmentation results of the proposed PIT method.

"
,"’

Building Bicycle

Road Person

Figure 3: The class activation map of each region expansion unit.

categories of target images well. Additionally, compared
to Objects Domain Classifier (ODC) that utilizes box-level
label from the target domain as weak supervision [38], our
method obtains better results, even though the box-level la-
bels convey much more information than image-level weak
supervision.

6. Conclusion

In this paper, we propose a new domain adaptation ap-
proach by constructing pivot information that is common
knowledge shared across domains to promote the adaptation
of semantic segmentation neural networks. To this end, we
design a multi-level region expansion mechanism to model
the domain-invariant interaction between the image-level
categories and the pixel-level semantic information. Unlike
the prior works that focus on learning domain-invariant rep-

resentations of instances by using domain adversarial train-
ing, our method constructs the transferrable factors across
different domains explicitly. Additionally, our method does
not rely on the adversarial training which is often hard to op-
timize. We conduct extensive experiments on the adaptation
from both GTAV and SYNTHIA to Cityscapes. The exper-
imental results clearly demonstrate that our method obtains
better results than the existing state-of-the-art works.
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