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Abstract

In this work we challenge the common approach of using a one-to-one mapping
(‘translation’) between the source and target domains in unsupervised domain adapta-
tion (UDA). Instead, we rely on stochastic translation to capture inherent translation
ambiguities. This allows us to (i) train more accurate target networks by generating
multiple outputs conditioned on the same source image, leveraging both accurate trans-
lation and data augmentation for appearance variability, (ii) impute robust pseudo-labels
for the target data by averaging the predictions of a source network on multiple trans-
lated versions of a single target image and (iii) train and ensemble diverse networks
in the target domain by modulating the degree of stochasticity in the translations. We
report improvements over strong recent baselines, leading to state-of-the-art UDA re-
sults on two challenging semantic segmentation benchmarks. Our code is available at
https://github.com/elchiou/Beyond-deterministic-translation-for—UDA.

Target translations

Source image

Figure 1: Unsupervised Domain Adaptation (UDA) with stochastic translation: we rely on
a content-style separation network to associate a synthetic image from the GTAS dataset
(source) with a distribution of image translations to the target domain. These translations
preserve the content signal and adopt the appearance properties of the Cityscapes dataset
(target). We use the resulting images to train a target-domain network tasked with predicting
the labels of the respective source-domain image, irrespective of the style variation.

1 Introduction

Unsupervised Domain Adaptation (UDA) aims at accommodating the differing statistics be-
tween a ‘source’ and a ‘target’ domain, where the source domain comes with input-label
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pairs for a task, while the target domain only contains input samples. Successfully solving
this problem can allow us for instance to exploit synthetically generated datasets that come
with rich ground-truth to train models that can perform well in real images with different
appearance properties. Translation-based approaches [5, 10, 16, 35, 37] rely on establish-
ing a transformation between the two domains (often referred to as ‘pixel space alignment’)
that bridges the difference in their statistics while preserving the semantics of the translated
samples. This translation can then be used as a mechanism for generating supervision in the
‘target’ domain based on ground-truth originally available in a ‘source’ domain.

In this work we address a major shortcoming of this approach - namely the assump-
tion that this translation is a deterministic function, mapping a single source to a single
target image. Recent works on the closely related problem of unsupervised image transla-
tion [1, 13, 15, 42] have highlighted that this is a strong assumption and is frequently violated
in practice. For instance a nighttime scene can have multiple daytime counterparts where
originally invisible structures are revealed by the sun and also illuminated from different
directions during the day. To mitigate this problem these techniques introduce methods for
multimodal, or stochastic translation, that allows an image from one domain to be associated
with a whole distribution of images in another. An earlier work [6] has shown the potential of
generating multiple translations in the narrow setting of supervised domain adaptation across
different medical imaging modalities. In this work we exploit stochasticity in the problem of
UDA in three complementary ways and show that stochastic translation improves upon the
current state-of-the-art in UDA on challenging semantic segmentation benchmarks.

Firstly, we use stochastic translation across the source and target domains by relying
on the multimodal (or stochastic) translation method of [13]. We show that allowing for
stochastic translations yields clear improvements over the deterministic CycleGAN-based
baseline, as well as all published pixel space alignment-based techniques. We attribute this
to the ability of the multimodal translation to generate more diverse and sharper samples,
that provide better training signals to the target-domain network.

Secondly, we exploit the ability to sample multiple translations for a given image in
order to obtain better pseudo-labels for the unlabelled target images: we generate multiple
translations of every target image into the source domain, label each according to a source-
domain CNN, and average the resulting predictions to form a reliable estimate of the class
probability. This is used as supervision for target-domain networks, and is shown to be
increasingly useful as the number of averaged samples per image grows.

Thirdly, we modify the variance of the latent style code in order to train and ensemble
complementary target-domain networks, each of which is adapted to handle a different de-
gree of appearance variability. The results of ensembling these networks on the target data
are then used to train a single target-domain network that outperforms all methods that also
rely on ensembling-based supervision in the target domain.

We show that each of our proposed contributions yields additional improvements over
strong recent baselines, leading to state-of-the-art UDA results on two challenging semantic
segmentation benchmarks.

2 Related Work

UDA approaches aim at learning domain invariant representations by aligning the distribu-
tions of the two domains at feature/output level [3, 19, 20, 22, 28, 31, 40] or at image
level [5, 10, 16]. Based on the observation that the source and the target domain share a
similar semantic layout, [28, 30] rely on adversarial training to align the raw output and en-


Citation
Citation
{Cheng, Wei, Bao, Chen, Wen, and Zhang} 2021

Citation
Citation
{Hoffman, Tzeng, Park, Zhu, Isola, Saenko, Efros, and Darrell} 2018

Citation
Citation
{Li, Yuan, and Vasconcelos} 2019

Citation
Citation
{Yang, An, Wang, Zhu, Yan, and Huang} 2020{}

Citation
Citation
{Yang, Lao, Sundaramoorthi, and Soatto} 2020{}

Citation
Citation
{Almahairi, Rajeshwar, Sordoni, Bachman, and Courville} 2018

Citation
Citation
{Huang, Liu, Belongie, and Kautz} 2018

Citation
Citation
{Lee, Tseng, Huang, Singh, and Yang} 2018

Citation
Citation
{Zhu, Zhang, Pathak, Darrell, Efros, Wang, and Shechtman} 2017{}

Citation
Citation
{Chiou, Giganti, Punwani, Kokkinos, and Panagiotaki} 2020

Citation
Citation
{Huang, Liu, Belongie, and Kautz} 2018

Citation
Citation
{Chang, Wang, Peng, and Chiu} 2019

Citation
Citation
{Ma, Lin, Wu, and Yu} 2021

Citation
Citation
{Mei, Zhu, Zou, and Zhang} 2020

Citation
Citation
{Pan, Shin, Rameau, Lee, and Kweon} 2020

Citation
Citation
{Tsai, Hung, Schulter, Sohn, Yang, and Chandraker} 2018

Citation
Citation
{Wang, Shen, Zhang, Duan, and Mei} 2020{}

Citation
Citation
{Zhang, Zhang, Liu, and Tao} 2019

Citation
Citation
{Cheng, Wei, Bao, Chen, Wen, and Zhang} 2021

Citation
Citation
{Hoffman, Tzeng, Park, Zhu, Isola, Saenko, Efros, and Darrell} 2018

Citation
Citation
{Li, Yuan, and Vasconcelos} 2019

Citation
Citation
{Tsai, Hung, Schulter, Sohn, Yang, and Chandraker} 2018

Citation
Citation
{Vu, Jain, Bucher, Cord, and P{é}rez} 2019


CHIOU, PANAGIOTAKI, KOKKINOS: BEYOND DETERMINISTIC TRANSLATION FOR UDA3

tropy distributions respectively. However, such a global alignment does not guarantee
individual target samples are correctly classi ed. Category-based feature alignment mett
[18, 25, 29, 31, 33, 40] attempt to address this problem by mapping target-domain feat
closer to the corresponding source-domain features.

Image-level UDA methods aim at aligning the two domain at the raw pixel space. [5, !
16, 37] rely on CycleGAN [41] to translate source domain images to the style of the tar
domain. Two recent works [19, 36] bypass the need for training an image translation netw
by relying on simple Fourier transform and global photometric alignment respectively.

Complementary to the idea of translation is the use of self-training [26, 39, 43, Z
which has been originally used in semi-supervised learning. Self-training iteratively ge
erates pseudo-labels for the target domain based on con dent predictions and uses thc
supervise the model, implicitly encouraging category-based feature alignment betweer
source and the target domain. Another direction pursued in [7, 21] is to leverage the u
beled target data by using consistency regularization to make the model predictions inval
to perturbations imposed in the input images.

Two recent works [5, 16] that rely on both image-level alignment and self-training a
more closely related to our work. [16] relies on CycleGan to translate source images to
style of the target domain. They train the image translation network and the segmenta
network alternatively and introduce a perceptual supervision based on the segmentation
work to enforce semantic consistency during translation. They also generate pseudo-Ie
for the target data based on high con dent predictions of the target network and use th
to supervise the target network. [5] improves upon [16] by replacing the single-dom:
perceptual supervision with a cross-domain perceptual supervision using two segmentz
networks operating in the source and the target domain respectively. In addition, they rely
both the source and the target networks to generate pseudo labels for the target data. Si
to these works we rely on image-to-image translation to translate source images to the ¢
of the target domain, but we go beyond their one-to-one mapping approach which allc
us to leverage both accurate translation and data augmentation for appearance varial
In addition, as in [5] we use source and target networks to generate pseudo-labels, bu
exploit stochasticity in the translation to generate more robust pseudo-labels that allow L
train accurate target-domain networks.

3 Methods

We start in Sec. 3.1 by introducing the background of using translation in UDA, and th
introduce our technical contributions from Sec. 3.2 onwards.

3.1 Domain Translation and UDA

In UDA we consider a source dataset with paired image-label &ataf (xis;y'ls)g;i 219
and a target dataset comprising only image data fxg;i 2 [1;T]. Our task is to learn a
segmentation system that provides accurate predictions in the target domain; we assu
substantial domain gap, precluding the naive approach of training a netw@laod then
deploying it in the target domain.

Output-space alignment UDA approaches [28] train a single segmentation neffnanrk,
both the source and the target images, using a cross-entropy loss in the source domail
an adversarial loss in the target domain to statistically align the predictions on target ima
to the distribution of source predictions. This results in a training objective of the followir


Citation
Citation
{Luo, Zheng, Guan, Yu, and Yang} 2019

Citation
Citation
{Saito, Watanabe, Ushiku, and Harada} 2018

Citation
Citation
{Tsai, Sohn, Schulter, and Chandraker} 2019

Citation
Citation
{Wang, Shen, Zhang, Duan, and Mei} 2020{}

Citation
Citation
{Wang, Yu, Wei, Feris, Xiong, Hwu, Huang, and Shi} 2020{}

Citation
Citation
{Zhang, Zhang, Liu, and Tao} 2019

Citation
Citation
{Cheng, Wei, Bao, Chen, Wen, and Zhang} 2021

Citation
Citation
{Hoffman, Tzeng, Park, Zhu, Isola, Saenko, Efros, and Darrell} 2018

Citation
Citation
{Li, Yuan, and Vasconcelos} 2019

Citation
Citation
{Yang, Lao, Sundaramoorthi, and Soatto} 2020{}

Citation
Citation
{Zhu, Park, Isola, and Efros} 2017{}

Citation
Citation
{Ma, Lin, Wu, and Yu} 2021

Citation
Citation
{Yang and Soatto} 2020

Citation
Citation
{Shin, Woo, Pan, and Kweon} 2020


4CHIOU, PANAGIOTAKI, KOKKINOS: BEYOND DETERMINISTIC TRANSLATION FOR UDA

form:
L(F)= & LelFOiN+ & LaalF(X); 1)

(xy)2s x2T

whereF (X) the softmax output.

In [30] entropy-based adversarial training is used to align the target entropy distributiol
to the source entropy distribution instead of aligning the raw predictions, resulting in the
following objective:

L(F)= & Le(FOiN+ A LaalE(F(X)); )
(xy)2s 2T

whereE(F(X)) = F(x)log(F(X)) is the weighed self-information.

Given that the network provides low-entropy predictions on source images, adversari
entropy minimization promotes low-entropy predictions in the target domain. Still, having
a single networlE that successfully operates in both domains can be challenging due to th
broader intra-class variability caused by the domain gap.

Pixel-space alignment approaches try to mitigate this problem by establishing a relatic
between the distributions of the source and target domain images and using that to superv
a network that only operates with target-domain images. In its simplest form, adopted als
in [2, 10, 16, 34, 37] this relation is a deterministic translation funcliahat maps source
images to the target domain, resulting in the following objective:

L(R)= & Lee(R(TIX);Y)+ & Lasl E(R(X)); (3)

(xy)2S x2T

where the difference with respect to Eqg. 2 is that the translated versnl@f] is passed

to the target-domain segmentation netwdsk, A straightforward way of obtaining such a

translation function is through unsupervised translation between the two domains [41].
This approach creates a target-adapted variant of the source-domain dataset, allowing

to train a single network that is tuned exclusively to the statistics of the target domain. Thi

reduces the intra-class variance and puts less strain on the segmentation network, but re

on the strong assumption that such a deterministic translation function exists. In this wor

we relax this assumption and work with distribution on translated imagesThis better

re ects most UDA scenarios and provides us with novel and simple tools to improve UDA

performance, as described below.

3.2 Stochastic Translation and UDA

We propose to replace the deterministic translation funciipd, with a distribution over
images given by [x;v];v N (0;1), wherev is a random vector sampled from a normal dis-
tribution with zero mean and unit covariance [13]. For instance when translating a nighttim
scene into its daytime scene, the random argument can re ect the position of the sun, clou
or obscured objects. For the synthetic-to-real case that we handle in our experiments we ¢
see from Fig. 1 that the translation network can indeed generate scenes illuminated diffe
ently as well as different cloud patterns, allowing us to capture more faithfully the range o
scenes encountered in the target domain. We notelthatains deterministic and can be
expressed by a neural network, but has a random argument which results in a distribution:
translated images.
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This change is re ected in the UDA training objective by replacing the loss of the tran
lated image with theexpected lossf the translated image:

L(R)= & EvlLeR(TIGV):NI+ & LasdE(R(V)); &)
(xy)2s x2T
where the expectation is taken with respect to the random vectbr (0;1), driving the
stochastic translation. We note that during training we create minibatches by rst sampl
images fromS and then sampling once per image, effectively replacing the integration in
the expectation with a Monte Carlo approximation.

Our stochastic translation network relies on MUNIT [13]: we start from reconstructir
images in each domain through content and style encodings, where content is fed to
rst layer of a generator whose subsequent layers are modulated by style-driven Adap
Instance Normalization [12] - this amounts to minimizing the following domain-speci ¢
autoencoding objectives:

Ls= 8 kx  Gy(Cs(¥;S00k Lt = Aot kX G(G(¥):S(N)K;
x2S

whereCg; S;; Gs are the content-encoder, style-encoder and generator networks for the sol
domains respectively, while&z;; S ; G; are those of the target domdin

The basic assumption is that the commonalities between two domains are capture
the shared content space, allowing us to pass content from the source image to its t:
counterparts, as also shown in Fig. 1. The uncertainty in the translation is captured I
domain-speci ¢ style encoding that is inherently uncertain given the source image.

This results in the following stochastic translation function from source to target:

TVl = Gi(Cs(x);v); v N (0;1); x2'S;

where we encode the content of the source image thr@4¥) and then pass it to the
target-domain generat@; that is driven by a random style cosle A similar translation is
established between the target and source domains, and adversarial losses on both do
ensure that the resulting translations appear as realistic samples of the respective dome

The alignment of the shared latent space for content is enforced by a cycle transla
objective:

cycle_ kG (Gt(Cs(¥);v))  Cs(Xkz; x2S; v N (O;1);

ensuring that regardless of the random style code, we can recover the original Gafent
by encoding the translated image through the respective content encoder. A similar lo:
used for the style code:

Leyele= KS(Gt(Cs(¥);V))  Vkz; x2S; v N (0;1):

We preserve semantic information during translation by imposing a semantic consiste
constraint to our stochastic translation network using a xed segmentation neBvpr&-
trained on source and target data using Eq. 2. Given an immagebtain the predicted labels
before translation ag= argmaxF(x)) and enforce semantic consistency during translatio
using an objective of the following form:

Lsem= Lce(F(T[XV]); P): ®)

The losses are applied to translations to both domains since unlike UDA, there is no spe
“source' and “target' domain.






