
AH-OCDA: Amplitude-based Curriculum Learning and Hopfield Segmentation
Model for Open Compound Domain Adaptation

Jaehyun Choi* Junwon Ko* Dong-Jae Lee* Junmo Kim

School of Electrical Engineering, KAIST, South Korea
{chlwogus, kojunewon, jhtwosun, junmo.kim}@kaist.ac.kr

Abstract

Open compound domain adaptation (OCDA) is a practi-
cal domain adaptation problem that consists of a source do-
main, target compound domain, and unseen open domain.
In this problem, the absence of domain labels and pixel-
level segmentation labels for both compound and open do-
mains poses challenges to the direct application of exist-
ing domain adaptation and generalization methods. To
address this issue, we propose Amplitude-based curricu-
lum learning and a Hopfield segmentation model for Open
Compound Domain Adaptation (AH-OCDA). Our method
comprises two complementary components: 1) amplitude-
based curriculum learning and 2) Hopfield segmentation
model. Without prior knowledge of target domains within
the compound domains, amplitude-based curriculum learn-
ing gradually induces the semantic segmentation model
to adapt from the near-source compound domain to the
far-source compound domain by ranking unlabeled com-
pound domain images through Fast Fourier Transform
(FFT). Additionally, the Hopfield segmentation model maps
segmentation feature distributions from arbitrary domains
to the feature distributions of the source domain. AH-
OCDA achieves state-of-the-art performance on two OCDA
benchmarks and extended open domains, demonstrating its
adaptability to continuously changing compound domains
and unseen open domains.

1. Introduction

Semantic segmentation has been explored in various ar-
eas, including medical image processing, autonomous driv-
ing, and robot scene understanding. However, the need for
meticulous pixel-level labels in training presents a signif-
icant challenge for direct model deployment. To mitigate
the burden of acquiring such labels, domain adaptation and
domain generalization have been investigated. These tasks
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primarily focus on minimizing the distribution difference
between the source and target domains, also known as the
domain gap. Although they have demonstrated remark-
able performance, each approach has certain limitations:
domain adaptation experiences performance degradation in
novel target domains, while domain generalization requires
obtaining pixel-level labels across multiple domains. This
challenge has driven the development of approaches such as
multi-target domain adaptation, single-source domain gen-
eralization, and recently, open compound domain adapta-
tion (OCDA).

OCDA, first proposed by Liu et al. [18], leverages the
advantages of aforementioned tasks and adapts to multiple
unlabeled target domains (a compound domain) and novel
domains (an open domain) with a single labeled source do-
main. Specifically, OCDA treats the compound domain as
one continuous spectrum of potential target domains, en-
hancing its practicality even when the domain labels within
the real-world target domains are vague. Additionally, by
addressing both the compound and open domains simul-
taneously, OCDA further enhances its practicality, align-
ing with the ideal scenario in which semantic segmenta-
tion models are trained on labeled synthetic source domains
but deployed in environments where domains are unknown.
Previous works [8, 18, 21] solve this complicated problem
by dividing the compound domain into multiple discrete do-
mains, narrowing the task into several unsupervised domain
adaptation problems. While these approaches have demon-
strated promising performance, they are limited by training
separate segmentation models, requiring sophisticated hy-
perparameter tuning for each domain and model while also
not fully accounting for the open domain.

To overcome the limitations, we propose a novel method,
amplitude-based curriculum learning with the Hopfield seg-
mentation model for OCDA (AH-OCDA). AH-OCDA in-
tegrates two key components: amplitude-based curricu-
lum learning and the Hopfield segmentation model. The
amplitude-based curriculum learning is a ranking-based ap-
proach that leverages the frequency spectrum of each im-

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

8269



age to treat the compound domain as a continuous spec-
trum of target domains. Moreover, the Hopfield segmenta-
tion model maps distorted features to source features using a
modern continuous Hopfield network, aiming to overcome
the challenge of unseen open domains. It is noteworthy that
these two components are orthogonal, complementing each
other to achieve better performance in OCDA.

Amplitude-based curriculum learning leverages domain-
specific information of the image, drawing upon the insight
that amplitude in the low-frequency spectrum contains the
domain-specific information [35, 38]. Specifically, we ex-
tract the low-frequency component from the amplitude ob-
tained by the Fast Fourier Transform (FFT) of the target im-
age and compute mean squared error (MSE) with the mean
amplitude of source domain images. We continuously adapt
the model trained in the source domain to the near-source
target domain, while utilizing the previously adapted target
domain as fake source with pseudo labels. The proposed
curriculum learning only requires knowledge of the individ-
ual gap between target images and the source domain, main-
taining robustness against dynamic domain shifts. Mean-
while, the Hopfield segmentation model maps segmenta-
tion feature distributions from arbitrary domains to the fea-
ture distributions of the source domain by learning and re-
trieving feature patterns. Modern continuous Hopfield net-
work [19,25] learns relational feature mappings, enabling it
to restore corrupted or noisy patterns to their original pat-
tern by leveraging associative memory. Building on this ca-
pability, the Hopfield segmentation model implicitly stores
representative information within its parameters, including
intra-class and inter-class information. This allows the net-
work to accurately predict distorted feature vectors from
compound or open domains previously encountered. Unlike
approaches that rely on manually modeling feature distri-
bution statistics, such as memorizing the class centroids or
statistical information, our Hopfield segmentation model re-
quires only the source domain to learn raw patterns and map
the target domain features to their corresponding source do-
main features.

While the Hopfield segmentation model is capable of
mapping arbitrary domain features to source domain fea-
tures, it cannot guarantee the successful mapping of features
from significantly distant domains to those in the known do-
main. At this point, amplitude-based curriculum learning
trains the Hopfield segmentation model gradually, starting
from the near-source target domain to the far-source tar-
get domain, enabling the model to map target domain fea-
tures to the source domain features. By gradually adapt-
ing to target domains through adversarial learning and us-
ing fake source, the network can fully leverage the mem-
ory retrieval process to progressively enlarge the boundary
of the known domain. Conversely, the Hopfield network
within the segmentation model enables the model to pre-

dict domains beyond the known boundary established by
curriculum learning by restoring distorted features to the
corresponding source features. Our experiments confirmed
that these components function orthogonally, significantly
enhancing the model’s performance when combined. Fur-
thermore, we validated effectiveness of AH-OCDA on two
OCDA benchmarks and additional extended open domains,
where we achieved state-of-the-art performance.

2. Related works
2.1. Domain Adaptation and Generalization

Domain adaptation (DA) is a key technique in machine
learning where a model trained on one domain is adapted to
perform well on a different, but related domain. Unsuper-
vised domain adaptation (UDA) is a specific approach in
which the model is adapted to an unlabeled target domain.
They have advanced to scenarios with single target domain
[22,28,31] or clearly distinct multi-target domains [6,7,40]
and also to scenario with multiple source domain [23, 36].
In parallel, the concept of domain generalization (DG) aims
to train a model on multiple source domains to be gener-
alized on unseen target domains [1, 2, 4, 12, 35] or train a
model on single source domains to be generalized on un-
seen target domains [15, 24]. However, these methods may
not always capture the full complexity of real-world scenar-
ios. In practical applications, data collection often results
in mixed, continuous, and unseen domains, highlighting the
need for new problem settings that better reflect these di-
verse and dynamic real-world conditions.

2.2. Open Compound Domain Adaptation

Open compound domain adaptation (OCDA) [18] sug-
gested a problem setting that has a labeled source domain
and a compound of multiple unlabeled target domains for
training phase and unseen target domains for testing phase.
They proposed a curriculum learning framework for se-
mantic segmentation tasks, which schedules the curriculum
based on the prediction confidence of a model that is only
trained on the source domain. On the other hand, the follow-
ing studies did not follow OCDA’s approach but proposed
their own unique methods. DHA [21] and MOCDA [8] as-
signed pseudo domain labels with K-means clustering to
break down OCDA into multiple UDA settings. Specif-
ically, DHA [21] utilizes K-means clustering on the con-
volutional feature statistics, which are mean and standard
deviations. They stylize the source domain into each tar-
get latent domain to reduce the domain gap and adversari-
ally align a shared segmentation model employing individ-
ual discriminators for each pair of stylized source and tar-
get latent domains. MOCDA [8] utilizes K-means cluster-
ing on style code, which is low-dimensional space gener-
ated by an additional encoder. They adopt a model-agnostic
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meta-learning approach, where a hyper-network combines
domain-specific segmentation models and discriminators to
consider the continuous compound target domain. How-
ever, K-means clustering may not be a suitable approach
for open compound domain adaptation, as it may not effec-
tively represent continuous target domains and accommo-
date expandable unseen domains. To address this limitation,
we explore a more dynamic approach.

2.3. Fourier Transform for Domain Adaptation

Several works have discussed how the Fourier transform
represents the style information of an image in its mag-
nitude spectrum and have applied this concept to domain
adaptation [11, 16, 29, 33, 37, 38, 42]. In this perspective,
FDA [38] proposed a Fast Fourier Transform (FFT)-based
style transfer that reduces the style gap between two do-
mains by replacing the low-frequency spectrum of the im-
ages. Building on FDA, some methods have further devel-
oped FFT-based style transfer for DA by incorporating the
ordering of target data during the training phase, similar to
approaches used in continual learning [29, 33]. BAT [42]
further applied FFT-based style transfer for multi-target do-
main adaptation instead of network-based style transfer. To
cope better with OCDA task, AST-OCDA [13] suggested
applying the FT-based style transfer on the feature space of
the segmentation model instead of the input RGB image.
For single-domain or discrete multiple-domain adaptation,
applying Fourier-based style information at a particular fea-
ture level has proven effective. However, in OCDA, the di-
rect application of Fourier-based style transfer is less fea-
sible for adapting the source domain to diverse, continuous
target domains, and unseen domains. To overcome this, we
considered the flexible utilization of domain-specific infor-
mation in OCDA scenarios.

2.4. Associative Memory

Associative memory systems function by retrieving data
not through specific addresses but via queries that resem-
ble the type of data stored within them [9]. When a query
is made, the system identifies and returns a data point that
most closely matches the query. For example, presenting an
image as a query would yield other images that are deemed
similar. This retrieval process is often compared to how
the human brain operates, where memories can be recalled
with partial cues, such as remembering a song from a few
notes [19]. Two classical and influential models are the
Hopfield network (HN) and the sparse distributed mem-
ory (SDM). More recently, they have been generalized to
the modern continuous Hopfield network (MCHN), which
substantially improves performance and can handle contin-
uous inputs. Specifically, MCHN uses the energy func-
tion E = q⊤q + log

∑
exp(Wq), which can be mini-

mized using the convex-concave method, giving the up-

date rule z = W⊤σ(Wq), where σ(·),W, q represent the
softmax function, the memory matrix and the query vec-
tor, respectively. This is similar to the attention operation
z = V σ(Wq) with key matrix K and value matrix V, which
is widely used in recent neural networks [10, 14, 34], where
we can associate Q = q, K = W, and V = W [25].

3. Method
Our approach for OCDA in semantic segmentation con-

sists of two components: 1) amplitude-based curriculum
learning and 2) the Hopfield segmentation model. Figure
1 illustrates our whole pipeline.

3.1. Preliminaries

Let spatial domain space X ⊂ RH×W×3 and frequency
domain space A ⊂ CH×W×3, where H and W are height
and width of the input image, respectively. Through FFT
F : X → A, we transform the image x ∈ X to the spec-
trum F(x). Then, we obtain amplitude |F(x)| ∈ RH×W×3

and phase Arg(F(x)) ∈ RH×W×3. The semantic segmen-
tation model Seg consists of an encoder f and classifier g,
such that Seg : x 7→ y = g(f(x)), where y ∈ RH×W

represents semantic segmentation prediction.
Following OCDA, the labeled source domain consists of

synthetic RGB images xs and corresponding semantic seg-
mentation label ys, such that

S =
{
(xi

s, y
i
s) | xi

s ∈ X , yis
}
, i = 1, . . . , Ns (1)

where Ns is the number of images in the labeled source
domain. The unlabeled compound domain consists of real
RGB input images xc, such that

C =
{
xi
c | xi

c ∈ X
}
, i = 1, . . . , Nc (2)

where Nc is the number of images in the unlabeled com-
pound domain. The unseen domain consists of real RGB
images xu, such that

U =
{
xi
u | xi

u ∈ X
}
, i = 1, . . . , Nu (3)

where Nu is the number of images in the unseen domain.

3.2. Amplitude-based Curriculum Learning

The amplitude-based curriculum learning is a ranking-
based approach that only requires knowledge of the indi-
vidual gap between the target image and the source domain
images. First, we transform the image xi to the spectrum
through the FFT. Then we shift values making the center of
the spectrum to represent the low-frequency region. Finally,
we obtain the domain-specific information by utilizing only
the amplitude from the spectrum and cropping the central
region, a region that is known to contain the domain-specific
information.

F i
β = Cropβ {|F(xi)|} ∈ RβH×βW×3 (4)
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Figure 1. Overview of the proposed pipeline. For the amplitude-based curriculum learning, we extract the amplitudes with the Fast Fourier
Transform and measure the distance between each target image and the source domain images. The Hopfield segmentation model is frozen
when training.

where β is the cropping ratio of height and width in the
spectrum. The average domain information of the source
domain is defined as below.

Ms =
1

Ns

∑
xs∈S

Cropβ {|F(xs)|} (5)

Once Ms is obtained, we can define the domain distance δ
of the compound image xc like below.

δc = (Ms − F c
β)

2 (6)

We rank xc ∈ C to define curriculum G based on their δc,
arranging them in ascending order.

G = {xc | xc is sorted in ascending order for δc} (7)

For the adversarial alignment, we divide G into K groups
where K is a factor of size of G.

G =

K⋃
j=1

Tj (8)

where each Tj contains Nc/K number of xc. The learning
process gradually includes Tj to perform near-source to far-
source curriculum learning.

The segmentation model gets xs and xc from the cur-
riculum and predicts the softmax output ŷs and ŷc. Then,
the discriminator takes ŷs and ŷc to differentiate whether

the input originates from the source or the target domain. In
this process, adversarial learning induces the segmentation
model to be unable to distinguish between source and tar-
get domain images. However, naı̈vely applying curriculum
learning has a limitation as the previously leveraged target
images Tj−1 will no longer be utilized for training and thus
may result in catastrophic forgetting. For example, when
the pipeline is on Tj , the previous xc in Tj−1 is no longer
being used for training. In this case, the performance on
xc will get deteriorated reducing overall domain adaptation
performance on C. To address this issue, our framework
assigns half of previously adapted target domain images as
a fake source with the pseudo-label from prediction along
with source domain images as Ŝj where j is the step in
which curriculum learning is currently in.

Ŝj = S ∪ Pj (9)

where Pj = {x1
c , x

2
c , . . . , x

⌊ |G|×(j−1)
2K ⌋

c }. The fake-source
approach ensures that the framework continuously adapts
with the combined set of S and the fraction of xc.

3.3. Hopfield Segmentation Model

In contrast to traditional domain generalization scenar-
ios, where multiple labeled domains are typically available,
OCDA contains labels only in the source domain, while
both the compound and open domains do not have segmen-
tation and domain labels during training. This challenge
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results in suboptimal performance of previous methods on
target domains that significantly deviate from the source do-
main, as well as on unseen open domains. To address this
challenge, we devised the Hopfield segmentation model to
empower the semantic segmentation pipeline with the capa-
bility to align features in the target domain with their cor-
responding source domain, even on the novel unseen do-
mains. Intuitively, adaptation for compound and open do-
mains can be easily solved by mapping the arbitrary tar-
get features to the source feature distribution. The Hopfield
network in the segmentation model correct distorted fea-
ture patterns or noisy inputs from unfamiliar domains by
retrieving stored source patterns. In other words, given the
encoder features z, our objective is to learn the mapping
function H(·) that maps the arbitrary feature to the source
feature distribution.

Mathematically, the associative memory is a function
g(·) : RCi → RCo mapping a vector in an input space of
Ci to a vector in an output space of dimension Co, with two
additional inputs of a memory matrix M ∈ RMN×Ci con-
sisting of a set of MN stored patterns, and projection ma-
trices P ∈ RCi×Co , consisting of a potentially different set
of stored patterns with dimension Co for hetero-association.
Similarly, our Hopfield network consists of a memory ma-
trix M ∈ RMN×Cl and query, key, and value projection
matrices Wq,Wk ∈ RCl×Cs and Wv ∈ RCs×Cs , where
MN , Cl, Cs represents the memory size, dimension of the
feature vector, and dimension of the projected feature vec-
tor for similarity measurement, respectively.

We first measure the similarity of the feature embedding
z and each raw stored pattern vector mi ∈ MN :

sim(z,mi) =
exp(τ ·Wqz · (Wkmi)

⊤)∑
j∈MN

exp(τ ·Wqz · (Wkmj)⊤)
. (10)

where τ represents the scaling factor. The role of each
projection matrix is to project the raw state patterns z and
stored patterns mj to associative space and reduce com-
putational complexity through dimension reduction (Cs <
Cl). Then, we project the z to the stored pattern with the
weighted sum of the similarity and the stored patterns:

ẑ =
∑

j∈MN

sim(z,mj)Wvmj . (11)

The projected feature ẑ is fed to the classifier to predict the
segmentation map and update its memory with the segmen-
tation loss.

For training the Hopfield segmentation model, we pre-
train the Hopfield network in the segmentation model for
the source dataset. Then, in the following adaptation phase,
we freeze the associative memory. Specifically, we freeze
the memory weights with key and value projection weights.
Therefore, the memory network maps the feature from tar-

get domains to the trained source domain feature distribu-
tion. The pretrained Hopfield network in the segmentation
model is likely to be robust even on far-source target do-
mains, as the amplitude-based curriculum learning gradu-
ally trains the entire segmentation model to obtain a well-
structured target feature distribution.

3.4. Loss Function

Our framework utilizes the following loss to optimize the
segmentation model Seg and the discriminator D:

L(Ŝj , Tj) = LSeg
ce (Ŝj) + λadv(LSeg

adv (Tj) + LD
adv(Ŝj , Tj)).

(12)
This loss consists of two parts: LS

ce is the cross entropy
loss that updates the segmentation model to make accurate
predictions in the source domain and the fake-source. For-
mally, LS

ce is defined as

LSeg
ce (Ŝj) = −

∑
h,w

∑
cls

Y
(h,w,cls)

Ŝ
log(Seg(Ŝj)

(h,w,cls)),

(13)
where cls is the number of classes, and YŜ is the (pseudo)
label of the (fake-) source image. Ladv is applied separately
to the segmentation model LS

adv and the discriminator LD
adv,

which are

LSeg
adv (Tj) = −

∑
h,w

log
(
D (Seg (Tj))(h,w,1)

)
, (14)

LD
adv(Tj , Ŝj) = −

∑
h,w log

(
D(Seg (Tj))(h,w,0)

)
+ log

(
D(Seg

(
Ŝj

)
)(h,w,1)

)
.

(15)

Ladv induces the adversarial learning for the segmentation
model and discriminator. λadv adjusts the importance be-
tween the two losses.

4. Experiments

4.1. Experimental settings

For the labeled source domain we leverage GTA5 [26]
and SYNTHIA [27] while BDD100K (C-Driving) [39] is
utilized for the unlabeled compound and open domains. For
extended open domain, we evaluate with Cityscapes [3] and
KITTI [5]. The details for each dataset can be found in
the supplementary material. For all experiments, We used
SGD with a polynomial decaying learning rate, starting at
0.00025 for the segmentation model and 0.0001 for the dis-
criminator while others such as batch size follow [18] Hy-
perparameters introduced for AH-OCDA such as λ, β, K,
τ , and the Hopfield segmentation model memory size are
set to 0.001, 0.09, 3, 1, and 64, respectively.
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Table 1. Experiment results on GTA5 → C-Driving benchmarks
in mean IoU. Methods in the middle and lower sections list DA
and OCDA methods in semantic segmentation, respectively.

Method
Compound (C) Open (O) Total

Rainy Snowy Cloudy Overcast C C+O

Source Only 16.2 18.0 20.9 21.2 18.9 19.1
AdaptSegNet [30] 20.2 21.2 23.8 25.1 22.1 22.5
CBST [43] 21.3 20.6 23.9 24.7 22.2 22.6
IBN-Net [20] 20.6 21.9 26.1 25.5 22.8 23.5
PyCDA [17] 21.7 22.3 25.9 25.4 23.3 23.8
OCDA [18] 22.0 22.9 27.0 27.9 24.5 25.0
DHA [21] 27.0 26.3 30.7 32.8 28.5 29.2
MOCDA [8] 24.4 27.5 30.1 31.4 27.7 29.4
AST-OCDA [13] 28.2 27.8 31.6 34.0 29.2 30.4
AH-OCDA (Ours) 28.1 28.1 32.0 33.6 29.7 31.4

Table 2. Experiment results on GTA5 → extended open domains,
Cityscape and KITTI benchmarks, reported as mean IoU. “w/o
Curr” and “w/o Hopf” denotes AH-OCDA with the Hopfield seg-
mentation model and amplitude-based curriculum learning, re-
spectively.

Method
Extended Open

Total
Citys. KITTI

Source only 19.3 24.1 21.7
AdaptSegNet [30] 22.0 23.4 22.7
MOCDA [8] 31.1 30.9 31.0
AST-OCDA [13] 32.6 31.8 32.2

w/o Curr 30.2 32.7 31.5
w/o Hopf 28.3 31.0 29.7
AH-OCDA (Ours) 32.6 34.0 33.3

4.2. Baselines

The efficacy of our framework is assessed through a
comprehensive comparison with a selection of established
baselines. Source Only refers to a VGG segmentation
model trained on the source domain. UDA methods are un-
supervised single-source to single-target domain adaptation
frameworks. These include AdaptSegNet [30], CBST [43],
IBN-Net [20], PyCDA [17], CRST [44] and AdvEnt [32].
For OCDA frameworks, OCDA [18] is the baseline frame-
work for open compound domain adaptation. DHA [21] and
MOCDA [8] leverage clustering to decompose OCDA into
multiple UDA. AST-OCDA [13] applies FFT-based style
transfer on the feature space of the segmentation model.

4.3. Results

GTA5 as Source The semantic segmentation perfor-
mance on GTA5 → C-Driving is reported in Table 1. Com-

Table 3. Experiment results on SYNTHIA → C-Driving bench-
marks in mean IoU. Methods in the middle and lower sections list
DA and OCDA methods in semantic segmentation, respectively.

Method
Compound (C) Open (O) Total

Rainy Snowy Cloudy Overcast C C+O

Source only 16.3 18.8 19.4 19.5 18.4 18.5
CBST [43] 16.2 19.6 20.1 20.3 18.9 19.1
CRST [44] 16.3 19.9 20.3 20.5 19.1 19.3
AdaptSegNet [30] 17.0 20.5 21.6 21.6 20.0 20.2
AdvEnt [32] 17.7 19.9 20.2 20.5 19.3 19.6
DHA [21] 18.8 21.2 23.6 23.6 21.5 21.8
AST-OCDA [13] 20.3 22.6 24.9 25.4 22.6 23.3
AH-OCDA (Ours) 20.7 22.9 25.8 26.2 23.6 24.8

Table 4. Experiment results on SYNTHIA → extended open do-
mains, Cityscape and KITTI benchmarks, reported as mean IoU.

Method
Extended Open

Total
Citys. KITTI

Source only 24.7 20.7 22.7
AdaptSegNet [30] 35.9 24.7 30.3
MOCDA [8] 32.2 34.2 33.2
AST-OCDA [13] 37.2 35.7 36.5

AH-OCDA (Ours) 36.8 37.2 37.0

paring performance on both Compound and Compound +
Open, hereinafter denoted as C and C + O respectively, AH-
OCDA achieves the best mIoU. In Table 2, we report the
semantic segmentation performance on GTA5 → extended
open domains, Cityscape and KITTI. AH-OCDA outper-
forms the SOTA method AST-OCDA [13] by 1.1%p on total
mIoU, which verifies that it has better domain generaliza-
tion ability. It is because the Hopfield segmentation model
helps to predict segmentation features based on source in-
formation leading the performance improvement on the ex-
tended open domains.

SYNTHIA as Source The semantic segmentation perfor-
mance on SYNTHIA → C-Driving is shown in Table 3.
AH-OCDA achieves the best semantic segmentation perfor-
mance among all the baselines on all domains. In compar-
ison with AST-OCDA, AH-OCDA outperforms 1.0 %p on
C and 1.5 %p on C + O, outperforming on all datasets, in-
cluding one of the extended open dataset (Table 4).
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Table 5. Ablation study results by varying hyperparameter K on
GTA5 → C-Driving benchmark, reported in mean IoU. Following
DHA, compound domains are further divided for “Night”.

Method
Compound (C) Open (O) Total

Rainy Snowy Cloudy Night Overcast C C+O

Source only 23.3 24.0 28.2 8.1 30.2 25.7 26.4

DHA(K=2) 26.0 26.6 32.4 11.1 33.6
29.3
(-0.5)

29.7
(-0.7)

DHA(K=3) 26.4 27.5 33.3 11.8 34.3 29.8 30.4

DHA(K=4) 25.2 26.4 32.7 12.1 33.8
29.1
(-0.7)

29.5
(-0.9)

DHA(K=5) 25.4 27.0 32.5 13.3 33.1
29.2
(-0.6)

29.5
(-0.9)

Ours(K=2) 30.6 28.4 31.7 18.4 33.1
29.8
(-0.4)

31.3
(-0.7)

Ours(K=3) 30.1 28.6 32.4 18.5 34.0 30.2 32.0

Ours(K=4) 29.9 28.5 32.5 19.8 34.1
30.1
(-0.1)

32.0
(+0.0)

Ours(K=5) 29.2 28.4 31.9 20.0 33.6
29.7
(-0.5)

31.5
(-0.5)

4.4. Ablation

4.4.1 Number of splits K in curriculum learning

The hyperparameter K in AH-OCDA determines the num-
ber of splits applied to the compound domain to gradu-
ally expand known distributions during curriculum learn-
ing. Similarly, DHA [21] employs a comparable hyper-
parameter to divide compound domains into sub-latent do-
mains through k-means clustering. To evaluate the robust-
ness with K, we compare the hyperparameter K used in
AH-OCDA and DHA and report the results in Table 5. In
both methods, the best mIoU is achieved when the hyperpa-
rameter is set to 3. However, when considering the robust-
ness to K, a critical aspect that must be considered since the
number of domains within a compound domain is unknown
in advance, AH-OCDA demonstrates a much more stable
performance compared to DHA. Specifically, AH-OCDA
shows no performance drop when K is set to 4 and exhibits
less or comparable performance drop for other values of K.

4.4.2 Sub-domains visualization

Figure 3 demonstrates randomly selected images from each
curriculum domain when K is set to 3. Through amplitude-
based ranking, the night or darker images are ranked later in
the curriculum learning. We also visualize the curriculum
domains in the feature space by extracting features using
VGG-16, the segmentation network used in all experiments.
Figure 2 validates that curriculum learning ranks the images
within a compound domain as intended, ranking the images
from near-source to far-source.

Source: GTA5 | Target: C-Driving | K = 3

Curriculum Sub-Domains

: Source

: Curriculum #1

: Curriculum #2

: Curriculum #3

Original Domains

: Source

: Rainy

: Cloudy

: Snowy

Figure 2. UMAP results of GTA5 and C-Driving when K = 3.
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Figure 3. Sample images from each curriculum when K = 3.

4.4.3 Hopfield segmentation model settings

We conduct an ablation study on the hyperparameters for
the Hopfield segmentation model, memory size, and train-
ing strategy and report it in Table 6. Experimentally, the
size of memory does not have a crucial effect on segmen-
tation performance when above 64. As the memory size
of 64 provides the best trade-off between performance and
computational complexity, we used 64 for all experiments
as aforementioned. For the training strategy, we experiment
with not freezing and freezing the Hopfield segmentation
model when training on the compound domain. The perfor-
mance drops when the memory is not frozen as the memory
gradually forgets the segmentation feature of the source do-
main thus we leverage the frozen model.
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Table 6. Ablation study results by varying hyperparameters of the
Hopfield segmentation model on GTA5 → C-Driving benchmarks.
MN represents memory size, and ‘w/o Freeze’ and ‘Freeze’ de-
note training and freezing the memory on target data, respectively.

Method Compound Open Total

MN = 32 28.7 32.0 30.2
MN = 64 29.5 33.3 31.2
MN = 96 29.5 33.2 31.1

w/o Freeze 21.1 23.4 22.1
Freeze 29.5 33.3 31.2

Table 7. Ablation study results of each component in AH-OCDA
on GTA5 → C-Driving benchmarks. “w/o Curr” denotes AH-
OCDA with Hopfield segmentation model and “w/o Hop” denotes
AH-OCDA with amplitude-based curriculum learning.

Method
Compound (C) Open (O) Total

Rainy Snowy Cloudy Night Overcast C C+O

Source Only 23.3 24.0 28.2 8.1 30.2 25.7 26.4

w/o Curr 26.7 25.3 29.4 12.2 30.5
26.9

(+1.2)
28.5

(+2.1)

w/o Hopf 25.7 27.8 29.8 15.5 31.4
27.7

(+2.0)
29.4

(+3.0)

AH-OCDA 30.1 28.6 32.4 18.5 34.0 30.2
(+4.5)

32.0
(+5.6)

4.4.4 Complementary components of AH-OCDA

Table 7 shows the effect of each component in AH-OCDA.
AH-OCDA outperforms ‘w/o Hopf’ (Ours without the Hop-
field segmentation model) and ‘w/o Curr’ (Ours without
amplitude-based curriculum learning). In Table 7, there
is a significant performance drop in the ‘Night’ category
for ‘w/o Curr’ model aligning with the statement in Sec.
3.3 that the Hopfield segmentation model may not func-
tion well when adapting to a far-source target domain in the
compound domain. The amplitude-based curriculum learn-
ing complements this issue by gradually training the model
from the near-source target domain so that the Hopfield seg-
mentation model can be trained stably.

4.4.5 Other backbone networks

To validate that AH-OCDA is not limited to specific back-
bone networks, we additionally experiment using ResNet
and Transformer-based backbone and compare it with unsu-
pervised domain adaptation methods in semantic segmenta-
tion, ProDA [41] (ResNet-101) and DAFormer [10] (Seg-
former [34]), respectively. Table 8 shows the performance
of VGG-16, ResNet-101, and Transformer-based architec-

Table 8. Ablation study results on GTA5 → C-Driving bench-
marks, varying the backbone network from VGG-16, ResNet-101,
and Transformer-based (top to bottom). Each backbone network is
compared with the well-known DA methods in semantic segmen-
tation using the corresponding backbone network.

Method
Compound (C) Open (O) Total

Rainy Snowy Cloudy Overcast C C+O

AdaptSegNet 20.2 21.2 23.8 25.1 22.1 22.5
AH-OCDA 28.1 28.1 32.0 33.6 29.7 31.4

ProDA 31.61 30.32 36.29 34.63 33.36 33.93
AH-OCDA 37.07 31.82 30.74 40.68 33.74 36.70

DAFormer 34.04 31.39 31.14 34.60 32.10 33.18
AH-OCDA 31.43 28.85 39.02 37.88 34.42 35.90

tures in the top, middle, and bottom rows, respectively. Al-
though the performances cannot be directly compared due
to the comparison methods being proposed for another task,
as aforementioned, the performance gain indirectly demon-
strates that AH-OCDA is not restricted to certain backbone
networks. Notably, AH-OCDA shows better performance
on a few of the target domains in the compound domain
than the unsupervised domain adaptation methods, demon-
strating the need for separate methods for OCDA setting.

5. Conclusion

In this paper, we propose a novel method, AH-OCDA,
considering the differences between OCDA with con-
ventional domain adaptation and generalization settings.
Specifically, we propose two complementary components:
1) amplitude-based curriculum learning and 2) the Hopfield
segmentation model. First, by utilizing the FFT, we obtain
the amplitude of each target image and measure the dif-
ference between the mean amplitude of the source domain
images. With the obtained distance, we rank them to for-
mulate the OCDA training in a curriculum-learning man-
ner, without any prior knowledge of domains in the com-
pound domain. Second, the Hopfield segmentation model
learns the segmentation feature distribution on the source
domain with memory and aligns features from unknown
domains to the source domain. We verify the effective-
ness of the AH-OCDA with experiments on two datasets,
GTA5→C-Driving and SYNTHIA→C-Driving. Addition-
ally, we present the experiment results on two novel unseen
domains, Cityscape and KITTI, and achieve comparable or
state-of-the-art performance.
Acknowledgements. This work was supported by Artifi-
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