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Abstract

Source-free domain adaptive semantic segmentation has
gained increasing attention recently. It eases the require-
ment of full access to the source domain by transferring
knowledge only from a well-trained source model. How-
ever, reducing the uncertainty of the target pseudo labels
becomes inevitably more challenging without the supervi-
sion of the labeled source data. In this work, we propose a
novel asymmetric two-stream architecture that learns more
robustly from noisy pseudo labels. Our approach simul-
taneously conducts dual-head pseudo label denoising and
cross-modal consistency regularization. Towards the for-
mer, we introduce a multimodal auxiliary network during
training (and discard it during inference), which effectively
enhances the pseudo labels’ correctness by leveraging the
guidance from the depth information. Towards the latter,
we enforce a new cross-modal pixel-wise consistency be-
tween the predictions of the two streams, encouraging our
model to behave smoothly for both modality variance and
image perturbations. It serves as an effective regularization
to further reduce the impact of the inaccurate pseudo la-
bels in source-free unsupervised domain adaptation. Exper-
iments on GTA5 — Cityscapes and SYNTHIA — Cityscapes
benchmarks demonstrate the superiority of our proposed
method, obtaining the new state-of-the-art mloU of 57.7%
and 57.5%, respectively.

1. Introduction

Semantic segmentation predicts pixel-level category la-
bels to given scenes. Although deep neural networks have
been widely adopted, attaining state-of-the-art performance
relies mainly on the assumption that the training and test-
ing data follow the same distribution [62, 32, 33]. This as-
sumption is impractical as target scenarios often exhibit a
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Figure 1. Comparison of our proposed framework with existing
depth-aware semantic segmentation models. (a) Prior art mostly
adopts a multitask learning framework by adding depth estimation
as an auxiliary task. (b) We introduce a multimodal auxiliary net-
work that takes depth modality as an additional input for effective
pseudo label denoising and consistency regularization.

distribution shift, e.g., street scenes collected under a cross-
city [11] or cross-weather [44] environment. Unsupervised
domain adaptation (UDA) techniques have been proposed
to address the domain shift problem, which aim at transfer-
ring the knowledge learned from a labeled source domain
to an unlabeled target domain [48, 50, 69, 67]. However,
one major limitation of such UDA approaches lies in the re-
quirement for full access to the source dataset. In practice,
the source data may be restricted from being shared due to
proprietary, privacy, or profit related concerns [26].

To cope with data sharing restrictions, recent efforts have
investigated source-free domain adaptation, which trans-
fers knowledge from a well-trained source model (rather
than from the source data itself) to an unlabeled target do-
main [39, 31]. Early solutions introduce a generator to es-
timate the source domain based on the pre-trained source
model [3 1], which can be used to generate fake source sam-
ples for supervision as in typical UDA. However, due to the
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lack of supervision from the real source domain, advanced
techniques designed for typical UDA, such as depth-aware
semantic segmentation and pseudo label denoising meth-
ods, may work less satisfactorily in a source-free setting.

With the above insights, we propose a novel two-stream
segmentation network for source-free UDA. As shown in
Figure 1 (a), existing depth-aware semantic segmentation
for typical UDA mainly adopts a multitask learning frame-
work where depth estimation is modeled as an auxiliary
task [51, 53]. However, we observe through experiments
that the regularization induced by the auxiliary task is quite
limited for source-free UDA due to the lack of ground-truth
semantic labels. It cannot effectively prevent the main seg-
mentation network from overfitting to the incorrect over-
confident pseudo labels of the target images. To solve this
problem, we alternatively propose a multimodal auxiliary
network, as shown in Figure 1 (b), which takes the depth
information and the intermediate representations generated
by the main stream image encoder as the input. We train
both the main and the auxiliary streams on the segmentation
task via self-training, and formulate an explicit cross-modal
consistency loss between the output of the two streams for
effective regularization. The benefits of our proposed seg-
mentation network are threefold:

First, our inference-stage model consists of the main
stream only, which is a unimodal model that infers from
RGB images the same way as existing models. Second,
the asymmetric design of our neural network introduces
modality variance in addition to the typical input pertur-
bations produced by data augmentation, dropouts, efc. On
one hand, the auxiliary network better rectifies the pseudo
labels with multimodal knowledge expansion [61]. On the
other hand, the cross-modal consistency effectively trans-
fers the knowledge learned from the multimodal auxiliary
network to the unimodal main network. Third, our pro-
posed framework has better feasibility compared to exist-
ing depth-aware UDA as ours only requires the depth in-
formation in the target domain. Without annotation cost,
the depth information can be easily learned from video se-
quences or stereo images based on self-supervised depth es-
timation models [17, 71, 53]. Here we summarize our con-
tributions as follows:

* We propose a novel source-free UDA framework by
introducing a multimodal auxiliary network. It models
the correlations between depth and semantics, and can
be discarded completely at inference time.

* We enforce a cross-modal consistency between the
predictions of the main and auxiliary streams with
dual-head pseudo label denoising, to reduce the impact
of inaccurate pseudo labels in source-free UDA.

* Our proposed method outperforms the prior art by a
significant margin, obtaining an mloU of 57.7% and

57.5% on the Cityscapes dataset when adapting from
the GTAS and SYNTHIA benchmarks, respectively.

2. Related Work

Unsupervised domain adaptation Unsupervised domain
adaptation (UDA) aims to improve a model’s performance
on an unlabeled target domain by leveraging the features
extracted from a labeled source domain [62]. Early works
adopted adversarial training [18] to reduce the distribu-
tion mismatch between different domains [36, 15, 48, 50].
Efforts have been made on aligning the distributions at
either the image level [21, 57], the intermediate feature
level [11, 10] or the output level [48, 50]. Some recent
attempts align the distributions in a class-wise manner in
order to obtain a fine-grained feature alignment [36, 15].
However, these methods rely on cumbersome adversarial
training that requires access to the source data.
UDA via self-training Pseudo label refinement under a
self-training framework has achieved competitive results
in the field of UDA for semantic segmentation [30, 68,
, 23].  Early methods selected highly confident pre-
dictions as pseudo labels based on a confidence thresh-
old [73, 72]. To improve the robustness of the pseudo labels,
efforts have been made on prediction ensembling [6, 63],
pseudo label denoising [37, 28, 45, 67], training sample re-
weighting [69], augmentation consistency [, 38], leverag-
ing high-resolution images [24], and pixel-level contrastive
learning [58]. However, these approaches also rely on
the source-target co-existence to retain task-specific source
knowledge with self-training.
Source-free UDA Kundu et al. [26] focused on source
model generalization and developed a multi-head frame-
work trained by extending the source data with diverse data
augmentations. Teja and Fleuret [39] focused on target do-
main adaptation and proposed to reduce the prediction un-
certainty by feature corruption with entropy regularization.
Liu et al. [31] leveraged a generator to estimate the source
data distribution, based on which fake samples were syn-
thesized for training. Qiu et al. [40] proposed to generate
per-class prototypes based on a source prototype genera-
tor, which is used to align the pseudo-labeled target data
based on contrastive learning. To the best of our knowl-
edge, the prior approaches [64, 66] all focused on unimodal
models. Inspired by existing work on cross-modal model-
ing between image features and acoustic clues [65], edge
maps [34], or LIDAR points [25] in different applications,
we develop a new cross-modal pseudo label denoising net-
work for depth-aware source-free UDA.
Depth-aware UDA Motivated by multitask learning, depth
estimation has been adopted as an auxiliary task to im-
prove UDA for semantic segmentation [49, 9, 43, 3, 22].
The labels for depth estimation are mostly derived by self-
supervised models using stereo pairs [16, 17] or video se-
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Figure 2. Illustration of our proposed two-stream segmentation network for source-free UDA.

quences [71]. The correlations between depth and se-
mantics are next modeled by attention-based feature fu-
sion [51, 53]. The depth distribution in different categories
can be utilized to further reduce the domain gap [56]. How-
ever, these methods rely on the access to the source domain
and assume the source and target images are available in
stereo pairs or video sequences.

3. Problem Formulation

Efforts on source-free domain adaptive semantic seg-
mentation can be divided into 1) vendor-side domain gen-
eralization, and 2) client-side domain adaptation [26]. The
vendor and the client have access to the labeled source and
the unlabeled target datasets, respectively. The goal of the
vendor is to train a source model with good generalization
ability to unseen domains [27]. This trained source model
is next passed to the client to be adapted to the unlabeled
target domain via self-training [39, 31].

In this work, we propose to improve client-side domain
adaptation by leveraging depth information as the auxiliary
modality. Let X = {(x;,d;)}"_; denote the target dataset
where (z;,d;) represent the RGB and the depth modality
of the i-th sample, respectively. Our goal is to adapt a
unimodal source model h®(x) to a unimodal target model
ht(z) more robustly via a multimodal auxiliary network.
To achieve this goal, we present a novel two-stream neu-
ral network with a main stream and an auxiliary stream that
perform semantic segmentation based on RGB and RGB-D
modalities, respectively. Facilitated by the depth modality,
pseudo labels obtained from the source model can be bet-
ter rectified, leading to improved source-free UDA perfor-
mance. Moreover, the auxiliary stream is only required dur-
ing training, and will be discarded at inference time. Thus,
our inference-stage model shares the same network archi-
tecture (e.g., DeepLabv2 [4]) but obtains improved segmen-
tation results compared to the prior art.

4. Approach

We follow the pseudo-label based self-training strategies
to train our source-free UDA model [26]. Target samples
are passed through the source model to generate a set of
pseudo labels that are used to supervise the network. One
main challenge in a self-training framework is reducing the
uncertainty of the pseudo labels for the target images. To
tackle this challenge, we propose to denoise the offline tar-
get pseudo labels with online cross-modal consistency train-
ing. Next, we introduce the technical details of our pro-
posed framework.

4.1. Two-stream Segmentation Network

The overall architecture of our proposed asymmetric
two-stream segmentation network is shown in Figure 2. The
main stream is unimodal, which takes RGB images as the
only input, and can be implemented by any of the exist-
ing segmentation models such as DeepLabv2. The auxiliary
stream is multimodal, which ingests depth and the interme-
diate features generated by the main stream image encoder
to exploit the correlations between the depth and semantic
information. To achieve this, we build upon the Separation-
and-Aggregation Gate (SA-Gate) [8] and present a single-
sided SA-Gate, termed SSA-Gate, which is placed after
each of the encoder blocks. Formally, let F'" g and Fin de-
note the input features of the SSA-Gate from the main and
auxiliary streams, respectively. SSA-Gate first recalibrates
the input features with the help from the other modality by

Flet = F%  + Attn®(F{% || Far,) ® For, W
Frec = Fin, + Attn (Fjn | |Fa,) ® Fi2

where F/" ol |Fin s the concatenation of the input features

along the channel dimension. Attn® and Attn' compute
the channel-wise attention for F'" and Fz’T’}l , respectively,
and ® denotes the channel-wise multlphcatlon Next, SSA-

Gate merges the features from the two streams based on
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the spatial-wise gates proposed in [8]. Let I}, denote the
merged feature, SSA-Gate updates the feature of the auxil-
iary stream as F2U! = 0.5 - (Fi"  + F,,,) and keeps the
feature in the main stream unchanged. With known cam-
era parameters, we follow prior work [5, 8] and extract the
HHA representation, which encodes the depth image with
three channels of horizontal disparity, height above ground,
and the angle of the pixel’s local surface normal, as the in-
put of our target network [19]. According to previous stud-
ies [5, 8], the HHA representation is more effective for se-
mantic segmentation tasks. Alternatively, the 1-channel dis-
parity maps can be directly used as the input to our frame-
work if the camera parameters are not available.

4.2. Dual-head Pseudo Label Denoising with Cross-
modal Consistency Regularization

Given a target sample (x,d), we use fimg(z) and
fauz(, d) to denote the features extracted by the main and
auxiliary streams as shown in Figure 2. The extracted fea-
tures are next passed to the respective classifiers g;,,4 and
Jauz to obtain the predictions p;p,g and pgy,. A mean-
teacher model [47] is maintained whose parameters are up-
dated as the exponential moving average of the parameters
of the target network. This is used to generate more reliable
online pseudo labels, denoted as p;y,g and pgy,. Offline
pseudo labels are generated using the source model based
on RGB images only, i.e., p; = h*(z). Next, we will intro-
duce how to formulate the objectives to optimize our pro-
posed framework.

4.2.1 Cross-modal Consistency Training

Consistency regularization is a popular and essential tech-
nique in semi-supervised learning [60, 46]. Based on the
model smoothness assumption, model predictions should
be constrained to be invariant to small perturbations of ei-
ther inputs or model hidden states [38], which can be in-
troduced by data augmentation, dropouts, etc. To prevent
the target model from overfitting to the noisy pseudo labels,
we present a new cross-modal consistency regularization
loss that works effectively with pseudo labeling in source-
free UDA. The predictions for pixels with low-confidence
pseudo labels tend to be more sensitive to input perturba-
tions [69]. Thus, the impact of the noise in pseudo labels
can be significantly reduced by enforcing a consistency reg-
ularization between the predictions of the two streams.

Given an unlabeled target image x, we pass it through
the source model to generate the soft pseudo labels pgi’k).
The hard pseudo labels §(**) are computed as

if £ = argmax;, pgi’kl)

. 1
(i,k) — 2
Y {0 otherwise )

where pgi’k) represents the softmax probability of pixel z(*)

belonging to the k-th class. Thereafter, the classification
loss can be computed based on (%) as

gcla = Kce (:gapimg) + Ece (gvpauw) (3)

where Ce(9,p) = — Y1 Yol 9 log pik) s the
cross-entropy 1oss. p;y, g and pg,, are the predicted outputs
of the main and auxiliary streams, respectively. In addition
to the pseudo labeling, we introduce a cross-modal consis-
tency loss to regularize the output between the two streams.
The goal is to reduce the impact of inaccurate pseudo labels,
and this consistency loss is formulated as

Ereg - Dkl (ﬁaux | ‘pimg) + Dkl (ﬁzmt] | ‘pauw) (4)

where pimg and pPgu. are the predicted outputs of
the mean-teacher model, and Dyi(Pous||Pimg) =

— Zfixlw ]5((121 log(pE:BL J / ;5((12,0) is the Kullback Leibler
(KL) divergence. We perturb the input based on strong and
weak augmentations, and feed them to the target network
and its mean-teacher model, respectively. Since p;,,, and
Dauz are generated based on weak augmented views, they
are more reliable. They thus can be used as online soft
pseudo labels to regularize the predictions pimg and poue
inferred over the strong augmented views.

In addition to data augmentations, recall that p;,, =
gimg(fimg(x)) and Pauz = gaum(faum(m; d)) also prediCt
based on different input modalities. Therefore, our pro-
posed regularization loss enforces that the target network
gives consistent predictions not only for small perturbations
but also over cross-modal views.

4.2.2 Dual-head Pseudo Label Denoising

Though the pseudo labels ps generated by the source model
can be directly used to train the target network, rectifying
ps from a parallel aspect to consistency training will gain
additional benefits. To this end, we adapt a recent state-
of-the-art prototypical pseudo label denoising method [67]
to our framework. This approach fixes ps and rectifies p,
based on class-wise dynamic weights w as

exp (w (i) .pgi’k))

Sy exp Wk - pl™t)
where psi’k) and ;ﬁgi’k) represent the softmax probability of
pixel 2(?) belonging to the k-th class before and after de-
noising. We perform prototypical pseudo label denoising
for the main and the auxiliary streams separately. Take the
main stream as an example, let fi,,,4 (2) @) represent the fea-
ture at pixel 4. The weights w4 are updated in each train-
ing epoch based on the feature distance to the class proto-

Pt = 5)
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types by

exp (| fimg (2)@ —1E) [/7)
S b1 exp (| fimg (2)@ — nl) || /7)

(k) _
img

(6)

(k)

where 7;,, . is the prototype (i.e., the feature centroid) of

class £ in the main stream. We use fimg (i.e., the image en-
coder in the mean-teacher model) instead of f;,,4, as we de-
sire a more reliable feature estimation for the input sample.
T is the softmax temperature empirically set to 1. Similarly,
we maintain class prototypes n((llf)i for the auxiliary stream,
compute wg,,,; based on fam (z,d) and n,(llz)z and correct pg
based on wy,,; using Eq. 5. The classification loss can then
be computed based on the rectified pseudo labels 9,4 and
Yauz,» Which are more accurate than ¢.

4.2.3 Optimization

We perform two rounds of self-training to optimize our pro-
posed two-stream segmentation network. In both stages,
we formulate the overall loss as a linear combination of the
classification loss and the regularization loss

0519 = g5 + 'Vgreg @)

cla

where the superscript stg € {1,2} distinguishes the loss
computed in stage 1 or stage 2. +y is a balancing coefficient
that controls the weight of the regularization loss. We em-
pirically set v = 1 in our experiments. We train the same
two-stream segmentation model with the same cross-modal
consistency loss as the regularization for self-training. The
only difference between the two stages is how we compute
the hard pseudo labels and the classification loss.

Stage one The source model extracts the pseudo labels for
the target images in the first stage. As the source model
was trained on the labeled source data, the uncertainty in
the pseudo labels for target images is high. Thus, applying
pseudo label denoising techniques is beneficial, based on
which a more robust classification loss can be computed.
In our implementation, we compute the symmetric cross-
entropy (SCE) [54] based on ;g and §qyz as

Eéla = ésce (gimgapimg) + gsce(gauwapauw) (8)

where p;,s and pg.. are the predicted outputs of the
main and auxiliary streams, $;mg and Jgue are the hard
pseudo labels denoised by wipmg and wWqyz, and Leee (§,p) =
&lee(p,y) + Blee(, p). Following previous work [67], we
set the balancing coefficients o and /3 to 0.1 and 1.

Stage two The pseudo labels for the target images are
extracted by our learned target model in the first stage,
which are derived from the fusion of the two streams:
7= %(pimg + Pauz)- No advanced denoising methods are
required in this stage as the quality of the pseudo labels is

already relatively high. We compute the classification loss
USing Eqg. 3as ggla = gce(?)vpimg) + gce(ﬁapauw)'

This stage is usually referred to as self-distillation, which
has been successfully applied to typical UDA to boost a
model’s performance [67, 26]. Here we show that with
our proposed cross-modal consistency training, one or more
rounds of self-distillation can also bring substantial perfor-
mance gain to source-free UDA.

4.3. Test-time Inference

Considering that the depth information may not always
be available during test-time inference, we discard the mul-
timodal auxiliary network and keep only the main stream
as our inference-stage model. The reasons behind this are
twofold. First, it improves the feasibility of our model as the
main stream takes the RGB image as the only input. Sec-
ond, we observe that the multimodal auxiliary stream only
marginally outperforms the main stream after the model
converges. Therefore, the accuracy loss as a trade-off for
model feasibility is relatively slim. Formally, given a test
image x, we compute its pixel-level semantic labels as

Pimg = Gimg (fzmg (.’E))

5. Experiments
5.1. Experimental Settings

Dataset We evaluate our proposed method by adapting
from the game scenes GTA [41] and SYNTHIA [42] to the
real scenes Cityscapes [12]. The Cityscapes dataset con-
tains 2,975 training and 500 validation images with a res-
olution of 2048 x 1024. For depth, we use the disparity
maps provided by the official Cityscapes dataset by default.
In the ablation study, we also evaluate our method with
self-supervised stereoscopic depth [44, 53] and monocular
depth [55], which were trained on the stereo images and
video sequences in the Cityscapes training set, respectively.
Evaluation metric We report the Intersection over Union
(IoU) on the 19 common categories shared by GTAS and
Cityscapes and the 16 common categories shared by SYN-
THIA and Cityscapes. Following previous studies, we also
report the results on 13 of the 16 common categories shared
by the SYNTHIA and Cityscapes datasets.

Implementation details For the source-only model, we
adopt the pre-trained models on GTAS and SYNTHIA pro-
vided by Kundu ef al. [26]. Both the source model and
our target model use DeepLabv?2 [4] for segmentation with
ResNet-101 [20] as the backbone. We insert four SSA-
Gates, one after each of the four encoder blocks in ResNet-
101. We train our model using the SGD solver with a mo-
mentum of 0.9 and weight decay of 2 x 10™%. We use a
mini-batch size of 4 and an initial learning rate of 6 x 10™%,
Following [67], we set the parameters for the prototypical
pseudo label denoising o, S8, and 7 to 0.1, 1, and 1, re-
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Table 1. Per-class IoU (%) and mloU (%) comparison of GTA5 — Cityscapes adaptation. The best score for each column is highlighted.
)

= =
k=) % E = 8 o = = 5] ‘g § 5 S ] g Q

Method SF § 7 _é Tg J‘f’ g Eﬁ & ? 5 ?? g E § g é g g % mloU
FADA [52] X | 91.0 50.6 86.0 434 298 368 434 250 86.8 383 874 640 380 852 31.6 46.1 65 254 37.1 | 50.1

CAG-UDA [68] X | 904 51.6 838 342 278 384 253 484 854 382 78.1 586 346 847 219 427 41.1 293 372 | 502
Seg-Uncertainty [69] | X | 904 312 851 369 256 375 488 485 853 348 8l.1 644 368 863 349 522 1.7 290 446 | 503
IAST [37] X | 941 588 854 39.7 292 251 431 342 848 346 887 627 303 876 423 503 247 352 402 | 522
CorDA [53] X | 947 63.1 87.6 307 406 402 478 51.6 87.6 47.0 89.7 667 359 902 489 575 0.0 398 56.0 | 56.6
ProDA [67] X | 878 56.0 79.7 463 448 456 535 535 88.6 452 82.1 70.7 392 888 455 594 1.0 489 564 | 575
EHTDI [29] X | 954 688 881 37.1 414 425 457 604 873 426 868 674 386 905 667 614 03 394 561 | 588
BiSMAP [35] X | 89.2 549 844 441 393 416 539 535 884 451 823 694 418 904 564 688 512 478 604 | 61.2
SFDA [31] v | 842 392 827 275 221 259 31.1 219 824 305 853 587 221 80.0 33.1 315 36 278 30.6 | 432
URMA [39] v 923 552 81.6 308 188 37.1 17.7 12.1 842 359 838 577 241 817 275 443 69 241 404 | 45.1

LD [66] v | 916 532 80.6 36.6 142 264 31.6 227 83.1 421 793 573 266 821 41.0 50.1 03 259 195 | 455
SRDA [2] v | 905 47.1 828 328 280 299 359 348 833 397 761 573 236 795 30.7 402 0.0 266 309 | 458
SFUDA [64] v 952 406 852 30.6 26.1 358 347 328 853 41.7 795 61.0 282 865 412 453 15.6 33.1 40.0 | 494
GtA w/o cPAE [20] v | 909 48.6 855 353 317 369 347 348 862 478 885 61.7 326 859 469 504 0.0 389 524 | 516
GtA w/ cPAE [20] v | 917 534 86.1 37.6 32.1 374 382 356 867 485 899 626 343 872 51.0 508 42 427 539 | 534
Ours v 930 604 872 464 414 380 451 515 875 48.6 837 632 31.8 83.6 495 603 00 471 478 | 564
Ours w/ distillation v | 945 655 874 457 42.6 423 46.7 545 883 480 847 66.0 334 899 535 568 0.0 469 494 | 577
Ours (mono) v 950 670 874 440 422 40.7 475 508 87.1 51.0 775 67.7 299 885 420 574 00 453 425 | 56.0
Ours (stereo) v | 951 67.8 877 513 415 363 474 513 878 478 873 67.0 342 875 41.0 51.8 00 42,6 464 | 564

spectively. We conduct an ablation study on the balancing
coefficient v in Eq. 7 and set v = 1 in the rest of the ex-
periments. For consistency regularization, we employ ran-
dom crop as the weak augmentation and apply RandAug-
ment [13] and Cutout [ 14] in addition to random crop as the
strong augmentation. As the class prototypes are required
for pseudo label denoising, we first train our target model
on the pseudo labels generated by the source model before
denoising as a warm-up. Next, we initialize the class pro-
totypes with the learned warm-up model and continue op-
timizing it based on Eq. 7 for 60 epochs. In the warm-up
stage, we choose the top 33% of the most confident predic-
tions per class over the entire training set to select balanced
and reliable hard pseudo labels [30, 26].

5.2. Comparisons with State-of-the-Art Methods

We compare our proposed method with the prior art in
Tables 1 and 2. The column SF indicates if the compari-
son method is source-free or not. As shown, our method
outperforms the existing source-free methods by a large
margin, achieving a state-of-the-art mloU of 57.7% and
56.4% (57.5% and 55.6%) with or without self-distillation
on GTAS — Cityscapes (SYNTHIA — Cityscapes). We
achieve the best score on 15 out of 19 common categories
shared by GTAS and Cityscapes, and on 12 out of 16 com-
mon categories shared by SYNTHIA and Cityscapes. The
experimental results indicate the effectiveness of our pro-
posed pseudo label denoising with cross-modal consistency
training. As we are exploring a new direction that has
not been studied in previous source-free methods, our so-
lution is orthogonal to existing techniques such as source
domain estimation [3 ] and conditional Prior-enforcing Au-
toEncoder (cPAE) [26]. Such techniques can be combined
with our proposed method for further performance gains.

Next, we compare our method to the non-source-free
prior art. Starting with a well-trained source model (44.0%

or 41.0% mloU on GTAS or SYNTHIA — Cityscapes), our
method obtains competitive or even better results compared
to most of the existing non-source-free UDA methods. It is
worth noting that our method can be easily integrated with
non-source-free UDA methods. A naive implementation is
to start with an adapted model instead of the source model
to generate pseudo labels for target images in stage one self-
training.

5.3. Ablation Study and Discussion

Impact of the source for depth information Our pro-
posed method is agnostic to the acquisition of the depth
information. To evaluate, we replace the depth informa-
tion provided by the official Cityscapes dataset' by 1) the
self-supervised stereoscopic depth [44] used in CorDA [53],
and 2) the self-supervised monocular depth learned by the
ManyDepth model [55], denoted as Ours (stereo) and Ours
(mono), respectively. For the monocular depth, we directly
use the 1-channel disparity map as the input; while for the
stereo depth, we use the 3-channel HHA representation de-
rived from the depth information with camera parameters as
the input (see Figure 3 for the visualized examples). Gen-
erally speaking, stereo depth is more accurate but its acqui-
sition requires more expensive stereo cameras. Monocular
depth can be estimated based on video sequences recorded
by regular cameras. However, it is less accurate and it re-
quires significantly more storage to manage the video se-
quences. We show that our proposed method is effective
with different sources of depth information. In real-world
scenarios, users should choose based on their own require-
ments and available devices.

Utilization strategies on the depth information Existing
depth-aware domain adaptive semantic segmentation meth-

!The depth provided in the official Cityscapes dataset is not the ground
truth but also estimated based on stereo images.

21791



Table 2. Per-class IoU (%) and mloU (%) comparison of SYNTHIA — Cityscapes adaptation

lighted. mIoU and mIoU* denote the averaged scores across 16 and 13 categories, respectively.

. The best score for each column is high-

Original image Stereo HHA Official HHA

Figure 3. Visualization of the depth and the HHA representation
obtained by different methods.

Table 3. Comparison of different utilization strategies of the depth
information for source-free UDA on GTAS — Cityscapes. * indi-
cates we made minimum modifications to make the method com-
patible with source-free settings.

Method BG MC RIV RIG DS | mloU gain
Source only [26] | 55.3 194 287 629 537 | 440 -

DADA* [51] 61.5 269 361 721 558 | 50.1 +6.1
CorDA* [53] 60.5 273 39.0 73.8 556 | 505 +65
MKE* [61] 622 278 404 709 578 | 515 +75
Ours 658 31.7 449 767 654 | 564 +12.4

ods mostly follow a multitask learning framework where
depth estimation is modeled as the auxiliary task [51, 53].
We modified two depth-aware UDA methods to make them
applicable in a source-free setting by calculating the classi-
fication loss based on the pseudo labeled target images only.
The results are reported in Table 32. As shown, without the
supervision of the labeled source data, the regularization in-
duced by the auxiliary task is quite limited. Moreover, we
compare our approach to a Multimodal Knowledge Expan-
sion (MKE) method [61] that transfers knowledge from a
unimodal teacher network to a multimodal student network.

2Background (BG) - building, wall, fence, vegetation, terrain, sky; Mi-
nority Class (MC) - rider, train, motorcycle, bicycle; Road Infrastructure
Vertical (RIV) - pole, traffic light, traffic sign; Road Infrastructure Ground
(RIG) - road, sidewalk; and Dynamic Stuff (DS) - person, car, truck, bus.

=] o0
s £ 5 o g o L “ g y 5
5] = = Q 2 = £ Z 9 = 2] 5]
Method se| ¢ 2 E % 5 7 2 2 ¢ 2 2 2 § 2 & Z|moU|moU
CAG-UDA [68] X | 847 408 81.7 7.8 00 351 133 227 845 77.6 642 278 809 19.7 227 483 | 445 51.5
FADA [52] X | 845 401 831 48 00 343 20.1 272 848 840 535 22,6 854 437 268 278 | 452 52.5
Seg-Uncertainty [69] | X | 87.6 419 83.1 147 1.7 362 313 199 816 80.6 63.0 21.8 862 40.7 236 53.1| 479 54.9
TIAST [37] X | 819 415 833 177 46 323 309 288 834 850 655 30.8 865 382 331 527 | 498 57.0
CorDA [53] X 1933 616 853 196 51 378 366 428 849 904 69.7 41.8 856 384 32,6 539 | 550 62.8
ProDA [67] X | 87.8 457 846 371 06 44.0 546 370 881 844 742 243 882 51.1 405 456 | 555 62.0
EHTDI [29] X | 930 698 840 366 9.1 397 422 438 882 881 683 29.0 855 541 37.1 563 | 578 64.6
BiSMAP [35] X | 819 398 842 - - - 417 46.1 834 887 692 393 80.7 51.0 512 588 - 62.8
SFDA [31] v | 819 449 817 40 05 262 33 107 863 894 379 134 806 256 9.6 313 | 392 45.9
URMA [39] v | 593 246 770 140 1.8 315 183 32.0 831 804 463 178 767 170 185 34.6 | 39.6 45.0
LD [66] v | 771 334 794 58 05 237 52 130 81.8 783 561 21.6 803 49.6 28.0 48.1 | 42.6 50.1
SFUDA [64] v 909 455 808 36 05 286 85 261 834 836 552 250 795 328 202 439 | 442 51.9
GtA w/o cPAE [26] v | 8.0 446 80.1 7.8 0.7 344 220 229 820 865 654 332 848 458 384 31.7 | 48.1 55.5
GtA w/ cPAE [26] v | 905 500 816 133 28 347 257 33.1 838 892 66.0 349 853 534 46.1 46.6 | 52.0 60.1
Ours v | 915 555 854 344 83 408 400 444 866 843 624 220 883 60.0 406 456 | 55.6 62.1
Ours w/ distillation v | 915 563 859 379 92 421 426 47.6 872 861 645 233 893 645 450 477 | 575 64.0
Ours (mono) v | 912 566 850 365 68 41.6 455 188 865 862 664 267 887 582 443 480 | 554 61.7
Ours (stereo) v | 91.6 564 857 293 7.8 412 420 37.6 868 859 652 273 884 595 444 478 | 56.0 63.0
Mono depth Stereo depth Official depth Table 4. Model justification of our proposed framework on GTAS

— Cityscapes. The auxiliary modality column indicates if depth
modality is used during training or not.

components mloU  gain

source model 44.0 -
aux111§1y gelf cons1s}en§y pseudg l'abel mloU  gain

modality training regularization denoising

v 505  +6.5
v v 512 +72
stage 1 v v 527 487
v v v 55.1  +1l1.1
v v 509 +69
v v v 51.6  +7.6
v v 4 542 +10.2
v v v v 564 +124

auxiliary self stage 1 self-supervised -
y modality  distillation  initialization initialization | "C0 &4t
stage 2 =7 v v 576 +136
v v v 577 +13.7

However, as this method did not address the domain shift
issue between the source model and the target images, it
performs less effectively than our proposed approach. Fur-
thermore, the inference-stage model in MKE is multimodal,
while ours is unimodal with better feasibility.

Effectiveness of cross-modal pseudo label denoising Our
proposed framework consists of two major components,
namely the multimodal auxiliary network and cross-modal
consistency training. As shown in Table 4, we start with a
source model that obtains an mloU of 44.0% on the GTAS
— Cityscapes. By training the network without our pro-
posed consistency regularization, it achieves an mloU of
50.9% and 54.2%, respectively, based on the supervision of
the classification loss only before and after the pseudo label
denoising. By combining our proposed consistency regular-
ization with pseudo label denoising, we obtain a new state-
of-the-art mloU of 56.4%, outperforming the source model
significantly by 12.4%. To evaluate the benefits introduced
by the depth modality, we replaced our multimodal auxil-
iary network with a unimodal network with the same ar-
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terrain

Input Source model

GtA w/ cPAE

e traffic light traffic sign
truck train

Ground truth

Figure 4. Qualitative results of source-free semantic segmentation on the Cityscapes dataset. From left to right: input, output of the source
model, output of the GtA model with cPAE [26], output of our proposed model without self-distillation, ground-truth segmentation mask.

Table 5. Impact of the source model on GTAS — Cityscapes.

source model source training | target model target adaptation | mIoU
DeepLabv2 data aug. - - 38.6
DeepLabv2 [26] multi-head - - 44.0
DeepLabv2 multi-head SegFormer self-training 51.3
DeepLabv2 multi-head DeepLabv2 self-training 50.5
DeepLabv2 multi-head DeepLabv2* our proposed 56.4
SegFormer [59] data aug. - - 43.2
SegFormer data aug. SegFormer self-training 50.5
SegFormer data aug. DeepLabv2 self-training 49.4
SegFormer data aug. DeepLabv2* our proposed 55.5
GtA w/ cPAE SF adapted - - 534
GtA w/ cPAE SF adapted DeepLabv2* our proposed 57.3
ProDA [67] non-SF adapted - - 57.5
ProDA non-SF adapted | DeepLabv2* our proposed 59.5

chitecture as the main stream. The mloU decreases in all
cases by using RGB as the only input. Next, we evaluate
our cross-modal consistency training in self-distillation. We
initialize our model either with the weights of the learned
model in stage one (i.e., stage 1 initialization) or with Sim-
CLRv2 [7] pretrained weights (i.e., self-supervised initial-
ization). In both cases, we observe a performance gain of
around 1.3% over the stage one model. The qualitative eval-
uation of our method is illustrated in Figure 4.

Impact of the source model The majority of the source-
free UDA methods are built upon DeepLab models. Here
we evaluate a Transformer-based model, namely Seg-
former [59], as the source and target models in a source-
free UDA setting. As Table 5 shows, Segformer has better
generalization ability than DeepLabv2. With data augmen-
tation only, a source Segformer model obtains an mloU of
43.2, outperforming a source DeepLabv2 model by 4.6%.
Moreover, when being adopted as the target model, Seg-
former achieves an mloU of 51.3% and 50.5%, respectively.
It outperforms the corresponding DeepLabv2 by 0.8% and
1.1%, when being adapted from the same source model. To
verify that our method is orthogonal to previous work, we
also start with a source-free model (i.e., GtA w/ cPAE [26])
and a non-source-free model (i.e., ProDA [67]), and apply
our method on top of it. As can be seen, the mloU has been
further improved by 3.9% and 2%, respectively.

Table 6. The effect of the balancing coefficient ~.
v 0.5 1 2 5 10
mloU | 560 564 562 567 557

Table 7. The mloU obtained by the multimodal auxiliary network
with varying number of SSA-Gate.
SSA-Gate no. 1 2 3 4
mloU 434 492 531 566

Parameter sensitivity analysis Finally, we study the im-
pact of the balancing coefficient v in Eq. 7 on the self-
training in stage one. We set -y to different values, conduct
experiments on GTAS — Cityscapes, and report the results
in Table 6. The experimental results show that our proposed
method is not sensitive to the balancing factor . In our pre-
vious experiments, we empirically set v = 1. It shows that
the mloU can be slightly improved by setting v = 5. We
obtain the state-of-the-art mloU of 55.7% ~ 56.7% when
~ € [0.5,10], which verifies and underscores the robust-
ness of our proposed cross-modal consistency training tech-
nique. Table 7 shows the mIoU obtained by the multimodal
auxiliary network with varying number of SSA-Gate. The
mloU decreases significantly to 43.4% with only one SSA-
Gate, which indicates that predicting the semantic labels
from depth alone is challenging without sufficient informa-
tion exchange with RGB images.

6. Conclusions

We propose to enhance source-free domain adaptive se-
mantic segmentation via cross-modal consistency training.
To achieve this goal, we introduce a multimodal auxiliary
network to leverage the guidance from the depth modal-
ity during training. A cross-modal consistency loss is for-
mulated between the output of the main and the auxiliary
networks, which serves as an effective regularization for
source-free UDA. Our proposed approach not only outper-
forms the source-free prior art by a large margin, but also
reduces the gap between source-free and non-source-free
UDA methods in semantic segmentation.
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