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Abstract

We study source-free unsupervised domain adaptation
(SFUDA) for semantic segmentation, which aims to adapt a
source-trained model to the target domain without access-
ing the source data. Many works have been proposed to ad-
dress this challenging problem, among which uncertainty-
based self-training is a predominant approach. However,
without comprehensive denoising mechanisms, they still
largely fall into biased estimates when dealing with differ-
ent domains and confirmation bias. In this paper, we ob-
serve that pseudo-label noise is mainly contained in unsta-
ble samples in which the predictions of most pixels undergo
significant variations during self-training. Inspired by this,
we propose a novel mechanism to denoise unstable sam-
ples with stable ones. Specifically, we introduce the Sta-
ble Neighbor Denoising (SND) approach, which effectively
discovers highly correlated stable and unstable samples by
nearest neighbor retrieval and guides the reliable optimiza-
tion of unstable samples by bi-level learning. Moreover, we
compensate for the stable set by object-level object paste,
which can further eliminate the bias caused by less learned
classes. Our SND enjoys two advantages. First, SND does
not require a specific segmentor structure, endowing its uni-
versality. Second, SND simultaneously addresses the issues
of class, domain, and confirmation biases during adapta-
tion, ensuring its effectiveness. Extensive experiments show
that SND consistently outperforms state-of-the-art methods
in various SFUDA semantic segmentation settings. In addi-
tion, SND can be easily integrated with other approaches,
obtaining further improvements. The source code is avail-
able at https://github.com/DZhaoXd/SND.
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Figure 1. Comparison of advantages of different uncertain estima-
tion strategies in self-training method for SFUDA.

1. Introduction

Unsupervised domain adaptation (UDA) [47] transfers
knowledge of the labeled-rich source domains to the unla-
beled target domains, providing an effective solution for se-
mantic segmentation towards lower annotation burden [20]
and strong generalization in an open environment [50, 71].
However, the access requirements of source domain data
make it impossible to handle scenarios involving privacy,
property rights protection, and confidentiality [15]. Thus,
this work focuses on a more practical task in semantic
segmentation, source-free unsupervised domain adaptation
(SFUDA) [38, 75], which aims to adapt a source-trained
model to a target domain without accessing the source data.

Currently, self-training is the mainstream technology
to address the SFUDA problem in semantic segmenta-
tion, which strives to adapt the model with high-quality
pseudo-labels produced by uncertain estimation functions,
e.g., probability thresholding [1,21-23, 35, 73, 85], pertur-
bation consistency [15,29,76], or discrepancy classifier vot-
ing [5,29,56,65,82,89]. Generally, a strong cross-domain
self-training method should comprehensively consider the
following aspects. @ Generic structure: It does not require
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the adoption of a specific structural design (e.g., a specific
segmentation head) on the source side; otherwise, it would
not be conducive to target deployment [46]. @ Class debi-
asing: the less-learned (hard) categories in the source model
should be paid more attention, as the class imbalance prob-
lem often exists in segmentation tasks [1, 21, 43, 58, 90].
® Domain debiasing: the self-training method needs to
maintain the adaptability of distinct domains, since the
cross-domain segmentation tasks often face multiple or
compound domains, e.g., different weather conditions. @
Confirmation debiasing: since the running confidence of
the model will increase with self-training [3, 86], a strong
self-training method should be able to dynamically adjust
the uncertain estimation function for addressing the confir-
mation bias. However, existing self-training methods for
SFUDA, lacking a comprehensive denoising mechanism,
often fall short in one or more aspects (see Fig. 1(a-c)), lead-
ing to inefficiency and under-adaptation.

Our motivation comes from experimental observations
of implementing the vanilla self-training [1] on SFUDA. As
shown in Fig. 2, for each target training sample at different
iterations, we record 1) its mloU scores with the ground
truth (mloU-axis); and 2) the change degrees between the
segmentation results of the current step and the ones ob-
tained by the initial step (stability-axis). Throughout the
training process, we observe that samples with high sta-
bility consistently maintain high mIoU scores, while those
with low stability consistently show low mloU scores. This
indicates that noise in samples with low stability is the
main contributor to error accumulation during self-training.
Moreover, this issue does not significantly improve as train-
ing progresses. This motivates us to identify stable samples
(i.e., whose pseudo-label change degree are low) and unsta-
ble samples to address the above issue.

To this end, we propose a novel denoising approach,
called Stable Neighbor Denoising (SND), which can effec-
tively discover highly correlated stable and unstable sam-
ples by nearest neighbor retrieval and denoise unstable sam-
ples with the guidance of the stable ones by bi-level op-
timization. Specifically, we resort to bi-level optimiza-
tion [48, 70] to establish the connection between the sta-
ble and unstable sets and guide the evolution direction of
unstable samples. The principle here is that if the model
is trained on unstable samples with correct pseudo-labels,
the loss on stable samples will be also minimized. Im-
portantly, by the analysis of the gradient of bi-level opti-
mization (detailed in Section 3.2), we find that matching
unbiased and highly correlated stable samples for unsta-
ble samples is the key to achieving this principle. This is
because the loss gradients of biased/low-correlation sam-
ples often have non-intersecting/different optimization di-
rections, leading to bias in bi-level optimization for denois-
ing. To tackle this problem, we propose retrieving stable
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Figure 2. The plot of the mIoU scores versus stability for each tar-
get sample throughout training. Stability is calculated by the dif-
ference between the initial and the current segmentation. It shows
a positive correlation between mloU (pseudo-label quality) and
stability. This observation holds during the whole training pro-
cess. Experiments are from the GTAS — Cityscapes SFUDA task.

neighbors by image style and spatial layout factors to elim-
inate the domain bias in one-step bi-level denoising opti-
mization. In addition,we propose refining the stable sam-
ples into two sets: a whole-stable set and a category-stable
set. Then, we compensate for stable neighbors using di-
verse object-level pasting to eliminate category bias. In this
way, bi-level optimization can efficiently denoise unstable
samples with stable ones under the principle.

Through the above techniques, the proposed SND shows
superiority over previous works as follows. @ Generic
structure: SND does not require a specific network structure
on both the source and target sides, endowing its universal-
ity. @ Class debiasing: SND constructs stable neighbors
with balanced categories and uses them to guide the adapta-
tion of less-learned categories. ® Domain debiasing: SND
denoises distinct domains by retrieving neighbors with sim-
ilar domain factors and can handle complex compound do-
main scenarios (See Table. 3). @ Confirmation debiasing:
SND designs a stability-oriented denoising mechanism that
filters out noisy pseudo-labels without the need for proba-
bility or prototype distance, thereby mitigating confirmation
bias (See Fig. 6). Extensive experiments show that SND
consistently outperforms state-of-the-art methods in various
SFUDA semantic segmentation settings.

2. Related Work

Unsupervised Domain Adaptation. Domain adaptive se-
mantic segmentation has achieved significant adaptabil-
ity improvements in multiple adaptation scenarios such as
synthesis-to-reality [10,21-23, 56], cross-weather [31, 53,
54], multi-source [18, 69], etc. Overall, the current work
mainly realizes cross-domain transfer from the following
aspects. 1) Use the source domain data to learn a gener-
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alized representation [8]. This line of work employs data
augmentation (e.g. copy-paste [58], random masking [23])
and domain randomization (e.g. expanding image styles
[12, 24,30, 56, 81, 88]) to expand the representation space
of source domain models. 2) Align the source and target
domains. The following works adopt a variety of domain
alignment strategies (e.g. adversarial training or statisti-
cal matching) in a variety of alignment spaces (e.g. pixels
space [7,20], Fourier space [77], features space [49,63,66],
output space [41,59,61], etc.), reducing the statistical differ-
ence of both domains. 3) Target characteristic mining. Most
of such works use augmentation consistency [2, 11,44, 82]
and pseudo-labels [6, 81] to further improve the model’s
adaptive ability, e.g. tail category and local distribution.
Source-Free  Unsupervised Domain Adaptation
(SFUDA). In classification tasks, prior SFUDA works
propose implicit distribution alignment [14, 37], instance
contrast [83], and model perturbation [27] to align domains
without source data. In segmentation tasks, the above idea
is hard to adopt due to complex semantic feature spaces.
Most SFUDA works for segmentation adopt self-training,
which filters and retrains the well-adapted pixels or regions
through probability thresholds [85], data [25] or model
discrepancy [15,29], but they often fall into various biases.
Noisy Label Learning. SFUDA can be viewed as a noisy
label learning problem [74, 78, 87]. Currently, noisy la-
bel learning is mostly discussed on classification tasks.
The mainstream technologies include robust loss design
[42,67, 84], self-label correction [9, 33], prototype denois-
ing [17], meta-learning based denoising [48, 70], etc. Most
of those methods are designed for instance-level and are not
suitable for pixel-level segmentation tasks. In particular, the
prototype [34, 82] and meta-learning [16] based denoising
methods have been applied to UDA segmentation tasks, but
their dependence on source data limits on SFUDA.

3. Method

Preliminary. In the setting of source-free unsupervised
domain adaptation (SFUDA), we are given a segmenta-
tion model H with parameter © pre-trained on the labeled
source dataset D, = {(z%,y)}}*, and the unlabeled target
dataset D; = {xi}N*. The goal is to adapt the network
and achieve low risk on the target dataset without access-
ing the source data D,. To achieve this goal, most works
mainly conduct self-training to optimize the H as follows,

Ny HxW

= argmmz Z GOLIH

where L is the cross-entropy loss and g; is the pseudo-label.
w is a weighting factor calculated by uncertainty, in which
the lower the uncertainty, the closer the value is to 0. This
paper proposes stable neighbor denoising techniques to es-
timate w in an unbiased way.

@V1e), 5], ()

3.1. Division of Stable & Unstable Sets

Following the observation in Fig 2, we aim to divide
target domain samples into stable and unstable sets by the
change degree (also called evolution stability) of their seg-
mentation results during the vanilla self-training [1]. For-
mally, for each target sample ¢, we define its evolution sta-
bility (ES) at 7-th iteration as follow,

HxW

ES"T = Z SIM[H('16°), H (!

0@

where SIM]| is the cosine similarity. ©7 represent the pa-
rameters of the model at 7-th iteration during self-training.
The larger the ES value of the sample, the more stable it
is. As ES may fluctuate in different degrees of domain
shift tasks, it is hard to set a suitable threshold to determine
whether it is stable. Instead, we take the top-k% ranked
highly stable samples to divide the D; into the stable set
D,. and the unstable set D,,. as follows,

Dy = {(2},7')|z} € Dy, ES"T € Ty}, 3)
Dye = {zi|zl € Dy, ES"™ ¢ Ty} 4)

Next, the main challenge is how to utilize D;, to assist in
predicting unbiased w of D,.

3.2. Build Relations between Stable & Unstable Sets

An intuitive way is to exploit the cross-image feature
similarity [68] of samples in the two sets to build relations.
However, we find that the un-adapted source-trained model
fails to capture this cross-image feature similarity because
the representation ability of deep networks is always insuf-
ficient under the domain shift (see Table 3). Instead, we
propose to build relations between the two sets from an op-
timization perspective and utilize bi-level learning [48, 70]
to achieve this. In a nutshell, we formulate each optimiza-
tion step as the inner- and outer loops, in which the former
learns uncertainty parameter w for the latter.

Specifically, for m-th optimization step, in the inner
loop, the optimizable w is first initialized as wy and the
model with parameters ©™ is optimized on unstable sam-
ples by Eq.1,

HxW
Oty = argmin 3 Z wHLH (i 1Om), 9.
2t € Duye
, 5)
wj is simply set to be an all-one matrix. For op-

timization, Eq. 5 can be approximated by one- or
multi-step gradient calculation, i.e.,

o —
o wé%bm, where « is the inner-loop
learning rate. It can be seen that w is differentiable relative
m+1 . s .
to ©; 7 .. Subsequently, we optimize the 1w by enforcing
the optimized model with parameters ©7'*! “also achieves

low risk on the stable samples in D,
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Figure 3. The pipeline of the proposed Stable Neighbor Denoising (SND). It is formed by the student-teacher model [57]. In each
optimization, SND performs the inner and outer optimizations sequentially. In the inner loop (red line), SND utilizes the style Qi and
the layout Qjqy0ut factors to retrieve stable neighbors for unstable samples and then performs category compensation to reduce category
bias. Thereafter, SND executes Eq. 8 using the teacher model to obtain the unbiased uncertainty map w, and initial pseudo-label §j;. In the
outer loop (black line), SND performs Eq. 7 to optimize the student model. EMA denotes the Exponential Moving Average.

HxW

22 LM

(z+,9t)€ Dse

(z l)|@m+1 ) 27(z,l)]

Wy = arg min inner ¢

(6)
This object is driven by the following principle: w is op-
timized to increase/decrease the weight of these regions so
that the model optimized on the unstable set samples has
a small/large loss on the stable set. In this way, we estab-
lish an implicit relation between stable and unstable sets,
because optimizing noisy regions of unstable samples has
misleading optimization goals. Finally, in the outer loop,
the model can be optimized by the learned w,
HXW

omtl — arg min E E wy L

T4 € Dye

(ei107), 31)

(7
Problem Discussion. One important question in the above
learning strategy is, does this principle work by taking arbi-
trary samples from the stable and unstable set to optimize?
We present further analysis of the optimization of w to an-
swer this question. For optimization, Eq. 6 is performed by
gradient descent as follows,

m—+1
Wy = Wo — /B Z a‘C’ xt|91nner)

1€ Dse

lwo

a@m+1

| . inner
m+-1 8&) |WO

znne1

+1
= wp — /8 Z a‘c xt|9:zner)
1€ Dse

=wo +

OL(x;|© oL(z;|lO™
/8 Z t| znner) |@m+1 . Z l‘t' ) |@m .
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Thus, when the continuous loss gradient on the stable
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Figure 4. Loss gradient directions in bi-level optimization. It is
shown by computing the average gradient direction of different
sets of classifier weights (ASPP) using the true labels. The black
lines are inner-loop and the other colored lines are outer-loop.

samples in D, has a similar direction to that on the unsta-
ble samples in D,,, the w value of the corresponding area of
the unstable samples will increase, and vice versa. This in-
dicates that optimizing noisy pseudo-labels would deviate
from the optimization goal of stable samples and thus ex-
plains why noise in pseudo-labels can be estimated. More-
over, Eq. 8 also gives us the answer that arbitrarily selecting
samples from the two sets will induce bias in the estimation
on w, especially for samples with low correlation. This is
because heterogeneous data always enjoy different optimal
weight spaces [26], which will mislead the estimation of w.
We provide below a detailed analysis.

Reason & Analysis (1) We find that samples from both sets
suffering large domain shifts tend to have large differences
in optimization directions, which will cause the optimiza-
tion of w in Eq. 8 to be weakened by domain differences
rather than the pseudo-label noise. As shown in Fig. 4, de-
spite using real labels in bi-level optimization, domain fac-
tors (e.g. the spatial layout or image style) will still bias the
optimization direction. (2) We find that samples from both
sets with inconsistent category distribution cannot produce
intersecting gradients in Eq. 8, causing the corresponding
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gradient of w to be 0 as well. Moreover, in actual opti-
mization, it is unacceptable to use massive stable samples
to perform multi-step gradient descent for Eq. 6 due to huge
computational and memory overhead. As a result, stable
and unstable samples always suffer from mismatched class
distributions, resulting in no gradient for missing classes.

In conclusion, it is reasonable to argue that matching
highly correlated samples from two sets is critical for un-
biased uncertain estimation.

3.3. Stable Neighbor Denoising

We propose to query the stable neighbor with similar do-
main properties for each unstable sample and compensate
for missing categories for the neighbor, resulting in an un-
biased estimate of w. In the querying part, following the
observation in Eq. 4, we specify domain factors, namely
image style and spatial layout, as the proxy for querying.

Specifically, for image style, a series of works [36,77]
pointed out that the Fourier amplitude spectrum has a strong
correlation with the image style. Thus, we adopt the flat-
tened vector of the low-frequency Fourier amplitude spec-
trum as the style proxy, ie., Qe = Low(A(F(x)).
For spatial layout, [32] shows that the row-wise and
column-wise label statistical histogram vectors can repre-
sent the spatial distribution. Thus, we use the pseudo-
labels of both sets samples for computation as an alterna-
tive, i.e., Qayour = | layout: Q?gé/out]’ where Q;;);th =

2oy arg max[H(z | O] =c c € [0,1,..C], and C

> row 2scolumn A8 Max[H(z;|O™)]=c
is the number of categories. With Q1 and Qayout, We
can retrieve the nearest stable neighbor ximb € Dy, for the
unstable sample ' € D, via the similarity between the
proxy vectors.

The retrieved domain-associated neighbors may still suf-
fer from missing categories, leading to problems described
in the analysis (2). Thus, we further propose to borrow the
missing class objects from other stable samples and paste
them to the neighbor as compensation. However, the tail
categories in the stable set Dy, may be scarce, making the
objects to be copied far less abundant. To enrich the diver-
sity of tail categories, we additionally maintain top-k ranked
stable category sets D¢, = {(z%,7")|z* € Dy, ES""™* ¢
T} for each category c as the supplement. We name the
D;. as a stable whole set and the D¢, as a stable category

set for distinction. Subsequently, the nearest stable neigh-
bor x} .., € Ds. can be compensated as follows,

jzneib’ g;wib = CP[(x}neibv g;eib)7 ((Emi:m ngZ) € Dgec]’
€))
where CP[-, -] is the copy-paste operation [58] that copies
objects from the latter to the former.
Through these efforts, we can use unbiased stable neigh-
bors Z! ., for Eq. 6 to denoise unstable samples in an un-

net

biased way. Fig. 3 shows the pipeline of the proposed SND

Algorithm 1 The training step of SND.

Input: Target data D;, source-trained segmentation net-
work H with parameter ©, max iteration M.

Output: Well-adapted segmentation model .

1: Split D, into Dy, and D, via vanilla self-training by
Eq. 2, Eq. 3 and Eq. 4
Initialize the teacher student model as ©;,, and O 4,
form < 0to M — 1 do

Sample batch samples {z:}2 , € D,

Inner loop Optimization:

Retrieve nearest stable neighbor (¢, v!..,) €
D, for each unstable sample zi by Qstyre and Qpayout

AN

7. Compensate (x% ;.. y% ) by Eq. 9
8: Optimize O, by Eq. 8 to obtain the uncertainty w,
and pseudo-label g
9: Outer loop Optimization:
10: Update O, by Eq. 7 with w, and ;.
11: Update ©;,, by exponential moving average
12: end for

13: Return Adapted model H with Oy,

and the corresponding is shown in Algorithm 1. Algorithm
1 implements our SND within the student-teacher frame-
work [57] to align with existing methods. See detailed ex-
planations and ablation in the Appendix.

4. Experiments
4.1. Datasets & Setup

Datasets. GTAS [51] dataset provides 24,999 game-
rendering urban scene images with a resolution of
1914x1024. SYNTHIA [52] dataset includes 9,400 virtual
images with a resolution of 1280x760. We use 19 and 16
common categories in these two datasets respectively as
source data. Cityscapes [13] dataset contains 3,975 real
urban scene images from 50 different cities in primarily
Germany, with a resolution of 2048x1024. ACDC [55] is
the real-world dataset on adverse visual conditions, which
comprises diverse weather scene images with a resolution
of 1280x720. BDDI100K [80] is a compound real-world
dataset consists of 8000 training images and 1000 verifica-
tion images with a resolution of 1280x720.

Setup. We conduct experiments using the Convolutional
and Transformer structures respectively. For Convolutional
structures, we adopt the Deeplab-v2 [4] with ResNet-101
[19] as the segmentation model. SGD optimizers are used
for both inner and outer optimization, where the outer opti-
mizer is set an initial learning rate (8) to 2.5 x 10~% with
weight decay 0.01 while the inner optimizer is set a fixed
learning rate () of 0.01. The batch size is set as 4, and the
framework is trained for 20,000 iterations on all SFUDA
tasks. For Transformer structures, we adopt the SegFormer
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Source-free Synthetic-to-Real: GTA — Cityscapes (Val.)

HCL (NIPS’21) [25] 92.6 546 828 332 262 398 381 319 845 386 853 613 302 854 331 41.6 144 273 440 | 497
SFDASEG (ICCV’21) T [29] | 91.7 534 86.1 37.6 32.1 374 382 356 867 485 899 626 343 872 51.0 508 42 427 539 | 534
DTST (CVPR’23) [85] 935 57.6 847 365 252 334 447 367 868 428 813 623 372 881 487 50.6 355 483 59.1 | 554
CrossMatch(ICCV’23)f [79] | 95.1 67.8 87.7 513 415 363 474 513 878 478 873 67 342 875 41 518 0 426 464 | 564
CROTS(IJCV’24) [40] 92 524 859 373 358 346 422 384 869 456 O91.1 651 36.1 873 41.6 511 0 414 562 | 537
SND (Ours) 93.0 540 846 356 303 310 419 416 876 446 864 626 385 875 487 429 36.6 495 587 | 55.6

DTST + SND (Ours) 939 60.0 86.7 38.6 359 375 434 483 87.6 446 90.1 653 399 885 549 444 331 499 609 | 58.1

Source-free Synthetic-to-Real: Synthia — Cityscapes (Val.)

HCL (NIPS’21) [25] 86.7 38.1 827 10 06 303 254 297 828 - 859 619 248 845 - 38.9 - 226 379 | 464
SFDASEG (ICCV’21) T [29] | 90.5 50.0 81.6 133 28 347 257 33.1 838 - 89.2 660 349 853 - 53.4 - 46.1 46.6 | 523
DTST (CVPR’23) [85] 889 458 833 137 0.8 327 31.6 208 857 - 825 644 278 881 - 50.9 - 37.6 573 | 50.7
CrossMatch(ICCV°23)f [79] | 91.5 555 854 344 83 408 40.0 444 86.6 - 843 624 220 883 - 60.0 - 40.6 45.6 | 55.6
CROTS(IICV’24) [40] 894 416 827 151 12 347 337 257 837 - 879 66.6 34.6 854 - 459 - 435 49.6 | 51.3
SND (Ours) 88.1 474 80.1 28.1 322 349 336 413 833 - 86.7 599 272 86.7 - 48.1 - 362 525 | 54.1

DTST + SND (Ours) 88.7 437 836 321 260 324 38.0 447 872 - 879 622 355 874 - 40.4 - 469 572 | 559

Source-free clean-Adverse-Weather: Cityscapes — ACDC (Test)

URMDA (CVPR2021) T [15] | 74.1 256 435 195 243 259 486 432 662 275 798 450 209 707 368 359 327 277 299 | 409
HCL (NIPS2021) [25] 72.6 247 685 214 194 310 518 465 71.8 285 812 438 215 768 428 444 361 30.1 240 | 440
SFDASEG (ICCV21) f [29] | 73.5 290 70.7 19.7 219 36.1 532 514 720 31.1 853 415 262 764 419 46.1 398 333 320 | 464
DTST (CVPR2023) [85] 734 285 69.7 167 205 328 502 511 715 308 850 508 223 71.6 403 41.7 356 319 382 | 454
SND (Ours) 748 27.6 693 236 263 365 528 546 755 350 848 525 255 788 449 481 37.6 31.1 349 | 481

DTST + SND (Ours) 734 294 709 220 251 385 546 555 777 352 86.6 534 274 809 456 49.0 41.0 36.7 404 | 49.6

Source-free Open-compound: GTA — BDD100k (Test)

URMDA (CVPR21) T [15] | 839 383 787 9.6 73 291 1.1 49 707 - 742 538 150 812 - 35.0 - 228 305 | 404
HCL (NIPS’21) [25] 88.6 392 81.0 82 79 284 114 57 710 - 7712 542 160 81.8 - 41.4 - 226 314 | 416
SFDASEG (ICCV’21) T [29] | 87.9 402 80.6 13.1 82 302 228 17.1 71.1 - 78.1 514 279 802 - 43.7 - 303 423 | 453
DTST (CVPR’23) [85] 83.1 399 649 89 145 295 270 271 719 - 832 529 313 747 - 41.1 - 30.0 42.1 | 452
SND (Ours) 84.1 426 741 152 212 31.1 31.0 255 704 - 839 528 339 799 - 39.1 - 375 419 | 478

SND + DTST (Ours) 865 444 773 213 229 324 33.0 274 69.6 - 86.7 543 343 821 - 394 - 383 424 | 495

Table 1. Comparison of SND with state-of-the-art works on the tasks of source-free domain adaptation in semantic segmentation. The
model is deeplab-v2 with ResNet101. The report metric is ToU(%). Tdenotes using the specific network on the source side, e.g., SFDASEG
using multiple heads, CrossMatch using two segmentation models with depth estimation. DTST+SND means using the minority class

resampling strategy in DTST [85], as minority class adaptation is very challenging in source-free UDA.

[72] with MiT-B5 [72] . AdamW [39] and Adam [28] opti-

Continual source-free adaptation: Cityscapes—ACDC

mizer are used for inner and outer optimization respectively, Time t—
where the outer optimizer is set an initial learning rate (/3) Fog Night Rain Snow | mloU
6 x 10~° with weight decay 0.01, while the inner optimizer Source model [72] | 69.1 ~ 403 59.7 578 | 56.7
. . . TENT * [62] 68.5 363 599 547 54.9
is set a fixed learning rate (o) of 0.01. The batch size is

2 and th del i ined for 20.000 i . I CoTTA * [64] 704 41.6 639 60.8 59.2
set as 2 and the model is trained for 20,000 iterations on a HCL [25] 700 399 637 612 | 587
tasks. For set dividing, we use the stability (ES) evaluated at SFDASEG T [29] | 70.1 42.1 624 618 | 59.1
10k (7) iterations and regard the top 5% (k%) ranked stable SND 721 431 663 656 | 618

samples as the stable set for all adaptation tasks.

4.2. Comparison with State-of-the-art Alternatives

Performance Comparison on SFUDA. We compare our
methods with the state-of-the-art approaches on source-
free unsupervised domain adaptive semantic segmentation
(SFUDA), including adapting to single and compound tar-
get domains. Table 1 shows that the proposed SND achieves
the best performance on all SFUDA tasks. Moreover,
SND can be combined with other method (DTST [85])
and achieves further significant improvements. In the two
synthetic-to-real SFUDA adaptation tasks, our approach
(SND+DTST) surpasses the second-highest methods by
2.7% and 3.1%, respectively. On real-to-real adaptation
tasks, i.e., ACDC with various weather conditions, our ap-

Table 2. Comparison on the tasks of continual source-free do-
main adaptation semantic segmentation. The segmentation model
is SegFormer with MiT-B35 as the backbone. *means we use the
target domain data for multiple round adaptations rather than one
round in the original paper.

proach (SND+DTST) still maintains excellent performance,
improving the performance of the current best method (SF-
DASEG [29]) by 3.2%. When adapted to the more chal-
lenging open-compound domain BDD100k, the proposed
method (SND+DTST) achieves a large performance gain,
surpassing the second-highest method by 4.2%. The perfor-
mance under various conditions proves that our method can
effectively cope with the pseudo-label noise in complex en-
vironments, and alleviate the bias problem in SFUDA tasks.
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Unweighted ~ PE.[62] MCC.[89] DAC.[29] MPC.[I15] PD.[82]  CIA.[68] SND
GTA — Cityscapes 49.6 50.5 52.1 517 51.6 50.9 49.8 55.6
Synthia — Cityscapes 48.2 49.5 52.9 49.4 515 49.7 472(-1.0) 541
Cityscapes — ACDC 43.1 413(-1.8) 45.1 429(-03) 43.0(-0.1) 39.1(-4.0) 392(3.9) 48.1
GTA — BDD100k 42.1 415(-0.6) 448 412(-09) 429 40.5(-1.6) 37.1(-5.0) 47.8

Table 3. Ablation experiments on uncertainty estimation for source-free cross-domain segmentation tasks. We compared the follow-
ing uncertainty estimation methods, probability entropy (PE.) [62], multi-classifier consistency (MCC.) [89], data augmentation con-
sistency (DAC.) [29], model perturbation consistency (MPC.) [15], prototype distance (PD.) [82], cross-image association [68](CIA.).

‘Unweighted’ means original pseudo labels.

Division metric ‘ GTA — Cityscapes ‘ Cityscapes — ACDC

Image-level entropy [45] 52.9 45.1
Patch-level entropy [59] 51.7 43.6
Image-level loss [74] 52.7 44.1
Domain distance [60] 51.6 42.4
Stability 55.6 48.1

Table 4. Comparison of the subset division metrics.

Query ‘ GTA — Cityscapes ‘ Cityscapes — ACDC
Random 542 44.7
Qiayout 553 44.9
Qstyle 55.1 475
Qlayout + Dstyle 55.6 48.1

Table 5. Ablation study of querying stable neighbor strategies.
Random means randomly selecting stable samples from Dse.

Performance Comparison on Continual SFUDA. As
real-world machine systems always operate in non-
stationary environments, we also verify the effectiveness of
our approach in the continual adaptation setting. In Table
2, our method maintains good performance, with an aver-
age adaptability increase of 5.1% in multiple domains under
continual settings, showing obvious advantages compared
with other methods. It is verified that our method can bet-
ter adapt to multi-domain environments and alleviate model
degradation caused by domain bias and confirmation bias.

4.3. Ablation Study

Effectiveness of denoising module. In Table 3, we ab-
late the denoising part, i.e., SND, and compare it with al-
ternatives. In two synthetic-to-real SFUDA experiments,
SND achieves a performance improvement of nearly 6%,
showing optimal competitiveness than other alternatives. In
multiple and compound adaptation tasks, SND produces
a performance improvement of nearly 5%. On difficult
transfer tasks, SND exhibits stable cross-domain adaptabil-
ity, whereas other alternatives suffer from severe perfor-
mance degradation. The effectiveness of SND is mainly
contributed to its accurate estimation of uncertain and com-
prehensive denoising capabilities.

Effectiveness of the Stability Metric. In Table 4, we
compare the proposed stability with other adaptability met-
rics for subset division, including regional entropy [45, 59],
image-level loss [74], and domain distance [60]. Denois-
ing using stability metrics shows obvious advantages on two
adaptive tasks, with gains increased by 2.7% and 3.0% com-

Category compensation ‘ GTA — Cityscapes ‘ Cityscapes — ACDC

None 53.0 46.3
Dge 54.2 47.1
Dsec 55.6 48.1

Table 6. Variants of category compensation methods. ‘None’
means not applying compensation. “Ds.’ and ‘Dse.’ means we
select samples from D, and D, for compensation.

pared to the second competitor. We think it contributes to
the ability to screen more reliable samples to provide effec-
tive support for denoising.

Effectiveness of Query Methods. In Table 5, we verify the
impact of different retrieval factors on adaptability. It shows
that gradually adding domain-related factors for retriev-
ing stable neighbors can improve adaptability. In special,
on complex compound domain adaptation task, Cityscapes
— ACDC, retrieving by domain factors shows greater im-
provements. This further verifies matching highly corre-
lated neighbors is crucial for bi-level optimization.
Effectiveness of Category Compensation. In Table 6, we
verify the impact of category compensation on adaptability.
Using the stable set D, as the copy object for compensation
improves performance by 1.2% and 0.8% on two tasks re-
spectively, verifying the impact of missing categories on de-
noising. Furthermore, adding category stable sets as repli-
cation objects can improve the performance by 1.4% and
1.0%, showing that diversity compensation is more con-
ducive to reducing the bias of bi-level optimization.

4.4. Qualitative assessment

Visualization of the Learned Uncertainty Map . Fig. 5
presents the learned uncertain map w on two SFUDA tasks.
It can be seen that the uncertainty maps from probability en-
tropy [61] and multi-classifier voting [56,82] contain a large
amount of noise. Moreover, in the harder open-compound
task Cityscapes — ACDC, the estimation bias of their meth-
ods is more obvious in difficult domain data, which will
be a predisposing factor for error accumulation. In con-
trast, SND alleviates bias estimation and presents more rea-
sonable uncertainty maps for different categories and do-
mains. Moreover, our SND even can give accurate estima-
tion against noise at the segmentation edges.

Denoising Effect during Training. In Fig. 6, we plot
the mIoU scores on the validation during training to show
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Figure 5. Visualization of different uncertainty estimation results on both GTA — Cityscapes and GTA — BDD100k tasks. Diff.GT
denotes the ground truth estimation mask. Entropy map is shown by probability entropy [61]. Prototype map is shown by the difference

between the Aspp classifier and prototype classifier [56, 82].
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Figure 6. Comparison of the mIoU score (%) curve on the valida-
tion set during training on two transfer tasks.

the denoising effect. In single-target adaptation (a), com-
pared with DTST [85], SND shows stronger denoising abil-
ity, allowing the model to achieve faster convergence speed
during training and to obtain better performance. In multi-
target adaptation (b), DTST degrades in the later stages of
training, which shows that more difficult adaptation tasks
place higher requirements on denoising. In contrast, SND
shows a better denoising effect and can effectively alleviate
model degradation.

4.5. Hyperparameter Sensitivity

In Table 7, we analyze the sensitivity of the hyper-
parameter top-k% and 7 in Eq. 2 on the two SFUDA tasks
across three runs. For k, we set the range from 1 to 10, be-
cause too small k£ cannot select enough valuable samples,
while too large k£ will inject massive noise into the stable
set. On the two tasks, the fluctuation range of mloU is

k (%) | 10 25 50 75 100
GTA — Cityscapes ‘57.8 579 581 578 57.8

Cityscapes = ACDC | 499 50.2 50.7 504 4938

7 (x1000) 2 4 8 10 12

GTA — Cityscapes | 57.9 58.0 581 581 58.1
Cityscapes — ACDC | 50.5 50.6 50.7 50.7 50.7

Table 7. Sensitivity study of the hyper-parameter k and 7.

within 0.5% and 0.8%, showing that SND is not sensitive
to k. For 7, we set the range from 2, 000 to 12, 000 to ver-
ify the impact of the stability evaluation iteration on SND
for selecting stable samples. Results show that SND has
very small fluctuations in performance, within 0.3%. This
indicates that SND is not sensitive to 7 and also verifies the
observation in Fig. 2 from the side.

5. Conclusion

In this work, we propose Stable Neighbor Denoising to
perform unbiased denoising for the SFUDA semantic seg-
mentation tasks. SND detects and suppresses noise in unsta-
ble samples by establishing the connection between the sta-
ble and unstable samples through bi-level optimization. The
proposed retrieval nearest neighbor strategy and category
compensation strategy further reduce the bias of bi-level op-
timization, thereby achieving effective denoising. Extensive
experiments on different source-free adaptation scenarios,
backbones, and ablations show that SND effectively esti-
mates the noise of pseudo-labels and achieves state-of-the-
art performance on all benchmarks.
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