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ABSTRACT

Without access to the source data, source-free domain adaptation (SFDA) transfers
knowledge from a source-domain trained model to target domains. Recently,
SFDA has gained popularity due to the need to protect the data privacy of the
source domain, but it suffers from catastrophic forgetting on the source domain due
to the lack of data. To systematically investigate the mechanism of catastrophic
forgetting, we first reimplement previous SFDA approaches within a unified
framework and evaluate them on four benchmarks. We observe that there is
a trade-off between adaptation gain and forgetting loss, which motivates us
to design a consistency regularization to mitigate forgetting. In particular, we
propose a continual source-free domain adaptation approach named CoSDA,
which employs a dual-speed optimized teacher-student model pair and is equipped
with consistency learning capability. Our experiments demonstrate that CoSDA
outperforms state-of-the-art approaches in continuous adaptation. Notably, our
CoSDA can also be integrated with other SFDA methods to alleviate forgetting.

1 INTRODUCTION

Domain adaptation (DA) (Ben-David et al., 2010) aims to transfer features from a fully-labeled source
domain to multiple unlabeled target domains. Prevailing DA methods perform the knowledge transfer
by by consolidating data from various domains and minimizing the domain distance (Ganin et al.,
2016; Hoffman et al., 2018; Long et al., 2015; Saito et al., 2018). However, due to the privacy policy,
we cannot access source domain data in most cases, where all data and computations must remain
local and only the trained model is available (Al-Rubaie & Chang, 2019; Mohassel & Zhang, 2017).

Source-free domain adaptation (SFDA) (Kundu et al., 2020; Li et al., 2020; Liang et al., 2020; 2022b)
maintains the confidentiality of the domain data by transferring knowledge straight from a source-
domain-trained model to target domains. SFDA also allows for spatio-temporal separation of the
adaptation process since the model-training on source domain is independent of the knowledge trans-
fer on target domain. However, due to the lack of alignment with prior domain features, typical SFDA
methods tend to overfit the current domain, resulting in catastrophic forgetting on the previous do-
mains (Bobu et al., 2018; Tang et al., 2021; Yang et al., 2021a). This forgetting can lead to severe relia-
bility and security issues in many practical scenarios such as autonomous driving (Shaheen et al., 2022)
and robotics applications (Lesort et al., 2020). To address this issue, a possible solution is to preserve a
distinct model for each domain, but this solution is impractical since (1) the model pool expands with
the addition of new domains, and (2) obtaining the specific domain ID for each test sample is hard.

In this paper, we introduce a practical DA task named continual source-free domain adaptation
(continual SFDA), with the primary goal of maintaining the model performance on all domains
encountered during adaptation. The settings of continual SFDA are presented in Figure 11. We initiate
the adaptation process by training a model in the fully-labeled source domain, and then subsequently
transfer this off-the-shelf model in a sequential manner to each of the target domains. During the
testing phase, data is randomly sampled from previously encountered domains, thereby rendering it
impossible to determine the specific domain ID in advance.

To systematically investigate the mechanism of catastrophic forgetting, we reimplement previous
SFDA approaches within a unified framework and conduct a realistic evaluation of these methods un-
der the continual SFDA settings on four multi-domain adaptation benchmarks, i.e. DomainNet (Peng
etal., 2019), Office31 (Saenko et al., 2010), OfficeHome (Venkateswara et al., 2017) and VisDA (Peng
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(b) Continual source-free domain adaptation.
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(II) The pipeline of CoSDA.

Figure 1: Illustration of continuous source-free domain adaptation. Left: Comparing typical DA (a)
and continuous DA (b). In typical DA, models are trained on both source and target domains, but tested
only on the target domain. In contrast, continuous DA sequentially trains on each target domain and
tests on all previously seen domains. Right: The pipeline of the proposed CoSDA method, utilizing a
dual-speed optimized teacher-student model pair to adapt to new domains while avoiding forgetting.

et al., 2017). To ensure the representativeness of our evaluation, we select six commonly used SFDA
methods as follows: SHOT (Liang et al., 2020), SHOT++ (Liang et al., 2022b), NRC (Yang et al.,
2021b), AaD (Yang et al., 2022), DaC (Zhang et al., 2022) and EdgeMix (Kundu et al., 2022). For
further comparison, we also consider two well-performed continual DA methods: GSFDA (Yang
etal., 2021a) and CoTTA (Wang et al., 2022). We measure the extent of forgetting exhibited by the
aforementioned methods in both single-target and multi-target sequential adaptation scenarios.

As shown in Figure 2, our experiments reveal two main findings: (1) the accuracy gain in the target
domain often comes at the cost of huge forgetting in the source domain, especially for hard domains
like quickdraw; (2) the catastrophic forgetting can be alleviated with data augmentations (e.g., DaC
and Edgemix) and domain information preservation (e.g., GSFDA and CoTTA). Our investigation
also finds some limitations of current continual DA techniques, such as GSFDA, which relies on
domain ID information for each sample during testing, and CoTTA, which has a tendency to overfit
the source domain and learn less plastic features, leading to suboptimal adaptation performance.

In light of the above findings, we introduce CoSDA, a new Continual Source-free Domain Adaptation
approach that reduces forgetting on all encountered domains and keeps adaptation performance on
new domains through teacher-student consistency learning. CoSDA employs a dual-speed optimized
teacher-student model pair: a slowly-changing teacher model to retain previous domain knowledge
and a fast optimized student model to transfer to new domain. During adaptation, the teacher model
infers on target domain to obtain knowledge that matches previous domain features, and the student
model learns from this knowledge with consistency loss. We also incorporate mutual information
loss to enhance the transferability and robustness to hard domains. Extensive experiments show
that CoSDA significantly outperforms other SFDA methods in terms of forgetting index. Moreover,
CoSDA does not require prior knowledge such as domain ID and is highly robust to hard domains.
CoSDA is easy to implement and can be integrated with other SFDA methods to alleviate forgetting.

2 PRELIMINARIES AND RELATED WORKS

Preliminaries. Let Dg and D7 denote the source domain and target domain. In domain adaptation,
we have one fully-labeled source domain Dg and K unlabeled target domains {Dr, }_,. To ensure
confidentiality, all data computations are required to remain local and only the global model A is
accessible, which is commonly referred to as source-free domain adaptation (Li et al., 2020; Liang
et al., 2020). With this setting, continual DA starts from training an off-the-shelf model i on the
source domain, and subsequently transfer it to all target domains. The goal of continual DA is
to sustain the model’s performance on all previous domains after adaptation. We summarize two
adaptation scenarios based on the number of target domains, as depicted in Figure 11:

Single target adaptation. We start from K = 1, which is most common for current SFDA studies. In
this setting, A source pre-trained model is transferred to one target domain and test data is arbitrarily
sampled from both source and target domain without prior knowledge such as domain ID.

Multi-target sequential adaptation. We extend to K > 2, where the model is sequentially transferred
to each target domain and test data is drawn from all seen domains.
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Figure 2: Multi-target sequential adaptation on the DomainNet with the adaptation order of Real—
Infograph— Clipart— Painting— Sketch— Quickdraw. The accuracy matrix measures the transfer-
ability, with the value in position (¢, j) denotes the accuracy on the i-th domain after adaptation on
the j-th domain. Backward transfer (BWT) measures the total degree of forgetting with range —100
to 0, where a larger BWT value indicates a smaller degree of forgetting and 0 indicates no forgetting.

Related works. Current SFDA methods adopt self-training techniques to address domain shift as
follows: SHOT (Liang et al., 2020) uses entropy regularization for adaptation; NRC (Yang et al.,
2021b) and AaD (Yang et al., 2022) generate pseudo-labels with nearest-neighbor; DaC (Zhang
et al., 2022) and EdgeMix (Kundu et al., 2022) adopt data augmentation as consistency loss and
SHOT++ (Liang et al., 2022b) designs auxiliary tasks to learn domain-generalized features. Despite
the above methods, we further survey two types of methods closely related to CoSDA: knowledge
distillation-based methods and continual DA.

Knowledge distillation-based methods. Knowledge distillation (Hinton et al., 2015), which transfers
knowledge from a well-trained teacher model to a student model, has been widely used in domain
adaptation. To enhance adaptation performance, bi-directional distillation is applied in TSML (Li
et al., 2023) while SSNLL (Chen et al., 2022) utilizes the mean-teacher (Tarvainen & Valpola,
2017) structure. DINE (Liang et al., 2022a) introduces a memory-bank to store historical inference
results, providing better pseudo-labels for the student model. However, in contrast to the dual-speed
optimization strategy used in CoSDA, these distillation-based methods update both the teacher and
student models simultaneously, leading to the forgetting of previous domain features.

Continual DA. A few works have explored continual domain adaptation by incorporating continual
learning techniques, which can be summarized into three categories: feature replay (Bobu et al., 2018),
dynamic architecture (Mallya & Lazebnik, 2018; Mancini et al., 2019; Yang et al., 2021a) and parame-
ter regularizations (Niu et al., 2022; Wang et al., 2022). CUA (Bobu et al., 2018) and ConDA (Taufique
et al., 2021) samples a subset from each target domain as replay data. PackNet (Mallya & Lazeb-
nik, 2018) separates a subset neurons for each task. Aadgraph (Mancini et al., 2019) encodes the
connection of previous domains into one dynamic graph and uses it to select features for new domain.
GSFDA (Yang et al., 2021a) assigns specific feature masks to different domains. EATA (Niu et al.,
2022) uses the elastic-weight consolidation (EWC) (Kirkpatrick et al., 2017) as the regularization loss.
CoTTA (Wang et al., 2022) ensures knowledge preservation by stochastically preserving a subset of
the source model’s parameters during each update. Distinct from the above methods, CoSDA adopts
a dual-speed optimized teacher-student model pair, inspired by LSTM (Hochreiter & Schmidhuber,
1997), to mitigate forgetting. Specifically, a slowly-changing teacher model is utilized to preserve long-
term features, while a fast optimized student model is employed to learn domain-specific features.

3 COSDA: AN APPROACH FOR CONTINUAL SFDA

Overview. CoSDA is a continual source-free domain adaptation method that achieves multi-target
sequential adaptation through pseudo-label learning. For continual learning, CoSDA uses the features
learned from previous domains to construct pseudo-labels, which are then used for both adapting
to new target domains and preventing forgetting on previously encountered domains. Inspired by
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knowledge distillation (Hinton et al., 2015), CoSDA utilizes a dual-speed optimized teacher-student
model pair, consisting of the teacher model hg which retains the knowledge of previous domains, and
the student model h.; that learns domain-specific features. The teacher model generates pseudo-labels
for the student model during training, and the student model learns from both the target data and
the pseudo-labels using a consistency loss. After adaptation, the teacher model serves as the global
model. The framework of CoSDA is presented in Figure 111, and the details are discussed below.

3.1 CONSISTENCY LEARNING WITH TEACHER KNOWLEDGE

For each data point X from current target domain D, , we obtain the classification score from the
teacher model hg(X), and use it as the pseudo-label to train the student model. However, directly
learning from hg(X) may lead to overfitting to the teacher model. To address this issue, we introduce
a consistency loss that consists of three steps. First, we compress the soft-label hg(X) into a hard-
label p with a temperature parameter 7 as p := softmax (hg(X)/7). Next, we augment X and train
the student model to consist with the hard-label p for the augmented samples. Among existing meth-
ods (Chen et al., 2020; Cubuk et al., 2019), We choose mixup (Zhang et al., 2018) as the augmentation
strategy for three advantages: (1) Mixup has the lowest computation cost. Non-mixup augmentation
methods typically require k£x data-augmentations and model inferences for each sample (e.g., k = 4
for MixMatch (Berthelot et al., 2019) and 32 for CoTTA (Wang et al., 2022)), while mixup works with
k = 1 and therefore does not require any extra computations. (2) Mixup can be applied to other data
modalities, such as NLP (Guo et al., 2019) and Audio (Meng et al., 2021), while other methods are
specifically designed for image data. (3) Mixup facilitates the learning of domain-invariant features.
Recent studies (Carratino et al., 2022; Zhang et al., 2021) point out that mixup can contract the data
points towards their domain centroid, thereby holistically reducing the domain distance (details are
provided in Appendix A.1). With mixup augmentation, we construct the consistency loss as follows:

Consistency learning with mixup. For a random-sampled data pair (X;, X;) with hard-labels (p;, p;).

We sample A ~ Beta(a,a) and construct the mixed data point as X = AX; + (1 — \)X;; p =
Ap; + (1 — A)p;, then the consistency loss for A, is

gconS(Xaf);w) = Dx1, (f’th(X)) . (1)

Consistency loss helps student model to learn from both previous domain knowedge and the target
domain features. However, when the target data is extremely different from the previous domains, the
consistency loss may cause the model collapse. To improve the robustness of the model and enable it
to learn from hard domains, we employ the mutual information (MI) loss as the regularization:

Mutual information maximization. For a batch of mixed data {X;}2 |, we obtain the marginal
inference results as hy, = & Zf;l hy (X;) and formalize the MI as follows:

MI (X}, ) o=~ S Dia (he(X)lhy ). @
i=1

Our goal is to maximize mutual information during training, which is achieved through the related
MI loss as £y := —MI(-). Based on previous studies (Hu et al., 2017; Liang et al., 2020), £y can
be decomposed into two components: maximizing the instance entropy and minimizing the marginal
inference entropy. The former encourages the model to learn distinct semantics for each data sample,
while the latter prevents the model from overfitting to only a few classes (see Appendix A.2 for
detailed analysis). Experimental results demonstrate that using the MI loss enables CoSDA to adapt
to hard domains (such as Quickdraw on DomainNet) without experiencing catastrophic forgetting.
The total loss is obtained by combining the consistency loss and Ml loss, i.e., £ = fcons + @ - {1

3.2 DUAL-SPEED OPTIMIZATION STRATEGY

In continual domain adaptation, the global model adapts to each target domain in sequence. To prevent
forgetting of previously learned features, we are inspired by LSTM for sequence data processing and
adopt a dual-speed strategy to optimize the student and teacher models separately, with the student
learning short-term features specific to the current domain and the teacher filtering out long-term
domain-invariant features. Specifically, the student model is updated rapidly using SGD with loss
£y after every batch, while the teacher model is slowly updated by performing exponential moving
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Algorithm 1 Adaptation process of CoSDA for D,

1: Inputs: global model h, unlabeled training set D, .

2: Hypars: total epochs F, learning rate 7, temperature 7, mixup Beta(a, a), loss weight o, EMA
momentum 1m.

3: Initialize @ < h, v < h,(u, Var) < h;

4: fort =0to E—1do

5. for every mini-batch X in Dr, do

6 Init. p = softmax (hg(X)/7), A ~ Beta(a, a);

7 Mixup. (X, p) = MX,p) + (1 — N)Shuffle(X, p);

8

9: SGD. ¥ < ¢ —n- Vyl(X, p; 9); # Student
10:  end for
11: EMA.O@+m-0+(1—m)-; # Teacher

122 EMA. g+ m-p+ (1 —m)- py;

13:  EMA. Var <~ m - Var + (1 — m) - Vary.

14: end for

15: Return: new global model h with params (0, , Var).

average (EMA) between the previous-step teacher model and the current-step student model at the
end of each epoch, as depicted in Figure 11I. This dual-speed strategy allows for a smooth knowledge
transition between the two models, preventing abrupt changes during adaptation and maintaining the
model’s performance on previous domains.

Updating the mean and variance in BatchNorm. BatchNorm is a widely-used normalization technique
in deep learning models, which estimates the mean and variance of the overall dataset as (p, Var) and
utilizes these statistics to normalize the data. As the p-Var statistics can exhibit significant variation
across different domains, prior DA methods, such as FedBN (Li et al., 2021) and DSBN (Chang et al.,
2019), typically assign distinct statistics to different domains. However, these methods are not appli-
cable to continual DA since the test data randomly comes from all previously encountered domains
without prior knowledge of the domain ID. To unify the BN statistics among different domains, we
propose a dual-speed updating method for the mean and variance values. During the training process,
the student model estimates the mean and variance of the target domain data as pt,, and Vary,
respectively. After each epoch, the teacher model updates its BN statistics using the EMA method as:

p < mp+ (1 —m)py; Var < mVar + (1 — m)Vary. 3)
During testing, the teacher model applies the global (u, Var) parameters to BatchNorm layers.

3.3 ALGORITHM AND HYPER-PARAMETERS

Based on the concepts of consistency learning and dual-speed optimization, we present the operating
flow of our CoSDA method in Algorithm 1 as follows: at first, we initialize the teacher and student
models with the global model that has been trained on previous domains. During each epoch, we
employ consistency learning to train the student model while keeping the teacher model frozen.
When an epoch is finished, we use EMA to update the teacher model as well as the mean and
variance statistics of BatchNorm. After adaptation, the teacher model serves as the new global model.

CoSDA is easy to integrate with other SFDA methods to further mitigate the forgetting. As outlined
in Section 3.1, the pseudo-labels for the student model are simply generated by compressing the
soft-label from the teacher model. The quality of these pseudo-labels can be further enhanced
with advanced SFDA methods such as the memory bank (Yang et al., 2021b; Liang et al., 2022a),
kNN (Yang et al., 2022), and graph clustering (Yang et al., 2020). By further refining the inference
results from the teacher model, these pseudo-label-based methods can be seamlessly integrated
with CoSDA. The results on both single target (Figure 2,3) and multi-target sequential adaptation
(Table 1,2, and 3) extensively show that the integration of CoSDA significantly reduces forgetting
while maintaining adaptation performance.

Implementation details of CoSDA. We introduce four hyper-parameters: label compression temper-
ature (7), mixup distribution (a), loss weight (o) and EMA momentum (m). Following prior research
on knowledge distillation and mixup (Berthelot et al., 2019), we fix 7 = 0.07 and a = 2 for all exper-
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iments. Our findings suggest that the mutual information (MI) loss function performs well on datasets
with a small number of well-defined classes and clear class boundaries, but it may lead to incorrect clas-
sification on datasets with a large number of classes exhibiting semantic similarity. Therefore, we set
o empirically to 1 for OfficeHome, Office31 and VisDA, and 0.1 for DomainNet. To apply the EMA
strategy, we follow the settings in MoCo (He et al., 2020) and BYOL (Grill et al., 2020) and increase
the momemtum from 0.9 to 0.99 using a cosine schedule as: m; = 0.99 — 0.1 x [cos (%ﬂ) + 1] /2.

4 EXPERIMENTS

We investigate the mechanisms of catastrophic forgetting through a systematic analysis of various
continual DA scenarios. First, we conduct extensive experiments on representative methods from
SFDA and continual DA, and report their forgetting on several benchmarks. Then we demonstrate
the effectiveness of CoSDA in reducing forgetting under both single and multi-target sequential
adaptation scenarios. We also analyze the robustness of CoSDA to hard domains. To ensure fairness
in comparison, we reimplement the selected methods in a unified framework. The code used to
reproduce our results is provided as supplementary materials.

4.1 REALISTIC EVALUATION OF CURRENT METHODS

To avoid unfair comparisons that can arise from variations in the backbones, pretraining strategies,
total benchmark datasets, etc., we implemented several representative SFDA methods in a unified
framework and evaluated them on four benchmarks: DomainNet (Peng et al., 2019), Office-
Home (Venkateswara et al., 2017), Office31 (Saenko et al., 2010), and VisDA (Peng et al., 2017).
In detail, we employ the ImageNet-pretained ResNet with a weight-normed feature bottleneck (Liang
et al., 2022b) as the backbone, utilize the dual-Ir pre-training strategy proposed in SHOT (Liang et al.,
2020), and adopt mini-batch SGD with momentum 0.9 as the optimizer. The total number of epochs
is set to 20 and batch size is 64. For model-specific hyperparameters, please refer to Appendix A.4.

Without loss of generality, we selected six representative methods: (1) SHOT (Liang et al., 2020)
and SHOT++ (Liang et al., 2022b) as they are the first to propose the SFDA setting and have
been followed by many works such as DINE (Liang et al., 2022a), CPGA (Qiu et al., 2021), and
Decision (Ahmed et al., 2021). (2) NRC (Yang et al., 2021b) and AaD (Yang et al., 2022) as they
perform the best on all benchmarks and can integrate with CoSDA. (3) DaC (Zhang et al., 2022)
and Edgemix (Kundu et al., 2022) as they both use data augmentations to construct consistency loss
for adaptation, which is similar to our approach. For comparison, we consider two well-performed
continual DA methods: GSFDA (Yang et al., 2021a) and CoTTA (Wang et al., 2022). We report
the adaptation performance and forgetting loss of the above methods on both single-target and
multi-target sequential adaptation settings:

For single target adaptation, we traverse all domain combinations and report both the adaptation
accuracy on the target domain and the accuracy drop on the source domain.

For multi-target adaptation, we follow the studies on the domain distances (Peng et al., 2019; Zhang
et al., 2019) and select the shortest path for sequential adaptation, i.e., Real — Infograph — Clipart
— Painting — Sketch — Quickdraw for DomainNet and Art — Clipart — Product — Real-world
for OfficeHome. Following the continual learning protocols (Lopez-Paz & Ranzato, 2017; Hadsell
et al., 2020), we construct an accuracy matrix R € RE*X over K target domains, where R, j is the
accuracy on the i-th domain after adaptation on the j-th domain. The accuracy matrix R is reported
to measure the transferability of the features. Moreover, we use backward transfer (BWT) to measure
the degree of forgetting, which is calculated as BWT = ﬁ Zf:ll R, x — R;;. BWT ranges
from —100 to 0, with —100 indicating the complete forgetting and 0 indicating no forgetting.

4.2 SINGLE TARGET ADAPTATION

Extensive experiments on DomainNet (Table 1), OfficeHome, Office31 (Table 2), and VisDA (Table 3)
reveal a widespread trade-off between the adaptation performance and the forgetting for commonly
used SFDA methods, with the accuracy gain on the target domain coming at the cost of significant
accuracy drop on the source domain. For example, NRC and AaD achieve the best adaptation
performance among all benchmarks, but they also suffer from the highest levels of catastrophic
forgetting. We also find that consistency learning can alleviate catastrophic forgetting in methods
such as DaC and EdgeMix. Specifically, DaC applies both weak and strong augmentations on the
target data and establishes a consistency loss to align the features of the augmented data, while
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Table 1: Single target adaptation on DomainNet with six domains as R (real), I (infograph), C (clipart),
P (painting), S (sketch) and Q (quickdraw). Vanilla refers to the accuracy of applying the source-
trained model directly to the target domain without adaptation. (-) MI refers to removing the mutual
information loss from CoSDA, (+) NRC and (+) AaD refers to integrating CoSDA with NRC and AaD.
Results: Adaptation accuracy (%) on the target domain | Accuracy drop (%) on the source domain.

DA Vanilla SHOT SHOT++ NRC AaD DaC EdgeMix GSFDA CoTTA CoSDA CoSDA (-) Ml CoSDA (+) NRC  CoSDA (+) AaD
I2R 4499 | 59.89113.69 60.1411595 59.64114.44 60.19114.18 54.8619.21  60.07112.87 52.1217.50  48.0010.64 55.7513.27 55.6414.95 59.1914.34 58211273
C2R | 50.83 | 62.80118.03 624711751 64.14120.40 63.20123.33 588311347 64.70119.06 552612.59  53.6010.87 | 60.3114.16 59.9216.14 61.2914.13 61.0413.66
P2R | 5720 | 62.94114.76 62.62113.68 64.50114.22 64.15117.94 60.9716.91  65.36115.67 58.1812.78  58.2410.26 | 61.5611.22 61.3713.46 63.2113.37 62.8413.21
S2R 4541 | 61.84121.43 62.32119.03 62.83115.66 622912561 59.2619.95 63.64122.00 56.2516.12 51.5610.33 60.6214.42 60.2217.02 60.3215.54 60.1114.38
Q2R | 5.17 33.55155.87 34.6215896 355916046 38.74162.29 257613491 35.19155.61 20.53125.29 14.09114.13 | 19.93119.54 _ 24.58120.69 24.99116.44
Avg. | 4072 | 56.20124.76 56.43125.03 57.34125.04 57.71128.67 51.94114.89 57.79125.04 48.4718.86  45.1013.25 | 51.6316.52 53.7217.61 53.4416.08
R2I 17.36 | 18.30118.11 18.72118.46 21.74121.05 23.06122.91 19.61112.32 21.45121.92 17.37111.41 18.4112.60 18.6810.38 19.7712.22 20.1811.25 20.5511.13
Cc21 14.59 | 155112247 1597121.71 17.88131.70  19.92124.24 153112378 17.94126.29 14.2118.99 15.8712.08 16.7313.74 — 20.7816.24 20.4417.29
P21 1523 16.86117.21 16.64118.06 18.28121.60 19.65120.31 17.18115.17 18.46122.25 158411247 16.3312.50 17.7612.82 17.8712.01 20.2715.73 20.6518.51
S21 11.86 16.72120.81 16.53123.77 18.89116.14 20.04117.29 16.69118.12 18.43120.43 14.66113.66 14.7013.05 12.9412.62 15.1813.06 20.2219.39 20.3319.60
Q21 1.09 3.38146.04 44715557 59814399 69614847 4.03149.38  7.18156.35  3.03150.07  2.54119.73 2.0514.24 _ 5.66113.34 5.43110.27
Avg. 12.03 141512493 144712751 165512690 17.93126.64 14.56123.75 16.69129.45 13.02119.32 13.5715.99 13.6312.76 17.4217.19 17.4817.36
R2C | 45.62 | 54.82121.71 56.09121.17 56.42120.64 57.54126.62 52.12112.52 57.66121.23  49.5316.97  48.2611.13 | 56.3716.29 55.8316.11 56.6416.92 56.8517.98
12¢c 3046 | 45.67114.82 46.32114.80 44.13118.01 47.12113.43 39.35110.40 46.06113.79 32.8118.00 33.1211.14 | 41.5716.02 40.9718.07 45.6516.68 46.4217.13
P2C 40.74 | 50.84123.33  50.77122.41 51.82122.39 53.4012291 456111448 5287121.50 44.1919.61 43921223 50.8817.66 50.4916.53 52.7317.53 52.0517.62
S2C | 4748 | 572611598 58.19114.72 58.93114.16 60.2811551  55.7919.48 59.35112.66 54.0615.73  52.0010.09 | 61.2815.49 60.6015.32 59.2415.44 60.2216.10
Q2C | 10.13 | 33.67134.80 359213895 38.44144.27 39.19143.13 31.54130.98 38.61143.81 26.94120.68 23.2018.98 | 32.96114.58  32.88126.88 34.13114.39 34.55115.07
Avg. | 3489 | 484512213 494612241 49.95123.89 51.51124.32 448811557 50.91122.60 415111020 40.1012.71 48.6118.01 48.15110.58 49.6818.19 50.0218.78
R2P | 45.54 50.7417.73  50.6517.77  52.94114.06 53.34119.85 50.9415.46 53.05112.68 49.2213.71 47501035 | 54.2914.47 53.7815.03 54.4414.67 53.9616.71
2pr 29.09 | 415711234 423811475 418011299 444711342 39.6117.15 43.18113.90 357115.72 32.4010.74 42.4014.61 42.5215.30 44.69 14.86 44.2714.76
C2P | 33.13 | 42.92118.16 43.64116.26 44.72118.65 45.09119.68 41.32114.49 44.68116.30 37.9213.59  36.4411.17 | 44.1214.42 44.3916.19 45.2714.66 45.5216.60
S2P 32.81 | 46.51114.13 4691111.39 481111327 485911278 47.0419.14 47.85113.68 43961595  40.1310.42 | 50.6214.85 49.9015.44 48.5216.04 48.3216.56
Q2P 1.79 152714794 18.55151.85 18.87162.80 23.52163.75 14.48137.73 21.04163.47 10.03131.70 6.53116.29 9.47114.32 14.81113.47 16.70 1 14.20
Avg. | 2847 | 39.40120.06 40.43120.40 41.29124.35 43.00125.90 38.68114.79 41.96124.01 3537110.13  32.6013.79 | 40.1816.53 - 41.5516.74 41.7517.77
R2S 3242 | 40.04124.19 409612346 44.19122.56 43.87131.27 40.52118.97 443712443 41.70114.03  36.4412.17 43.3518.81 43.7718.60 46.0718.18 45.15110.00
128 2444 | 324511899 35.17119.37 343711727 37.73116.77 30.04114.04 35.19117.31 27.52116.41 27.4011.78 32.3216.05 325311117 36.6115.56 37.0716.11
C2S | 3840 | 43.86116.25 445911295 46.25114.30 47.1411594 41.41113.10 4598118.61 41.7017.53  40.5311.39 | 46.1114.05 46.4314.93 47.6713.95 47211572
P2S 33.89 | 40.07121.53 41.14119.95 43.64116.17 43.39123.70 41.05112.77 4293119.71 39.0411541 37.4513.25 43.2916.01 43.8116.77 44.8615.61 44.3818.13
Q28 8.23 234313569 244913529 29.54147.71 27.65148.55 22.20127.02 303114597 14.58143.90 13.6817.20 | 17.14110.06 23.48113.77 24.34114.81
Avg. | 2748 | 359712333 37.2712220 39.60123.60 39.96127.25 35.04117.18 39.76125.21 3291119.46 31.1013.16 | 36.4417.00 - 39.7417.41 39.6318.95
R2Q 4.54 7.08169.33 8.32170.96 8.14172.13  10.81166.83  8.73155.82 7.62173.35 6.15161.61 6.4017.49 6.0112.95 7.0415.34 8.5815.71
12Q 2.36 49712845 52113129 42813128  6.89130.99 3.38128.18 4.91131.53  2.89127.20 3201841 2.9711.80 - 3.0712.99 5.1118.96
C2Q | 9.56 143115727 14.07162.85 15.19162.36 18.23152.51 12.02150.44 14.47164.73 11.86165.98 11.5716.11 11.5812.07 8.5017.97 12.7212.20 15.8918.24
P2Q 3.40 8.14161.03 9.52160.04 9.19159.95 12.10163.10 8.16151.93 9.61164.70 6.50157.15 6.19112.41 5.1213.77 — 5.7012.98 8.9919.00
S2Q | 1111 14.55149.63 14.65145.13 15.37137.25 18.59142.09 14.32136.74 1532138.15 14.7313421 12.6214.59 12.6612.61 10.5618.66 16.34110.57 17.6116.84
Avg. 6.19 9.81153.14  10.35154.05 10.43152.59 13.32151.10  9.32144.62  10.39154.49  8.43149.23 8.0017.80 7.6712.64 — 8.9714.82 11.2417.75

Table 2: Single target adaptation on OfficeHome (with A (art), C (clipart), P (product) and R
(real-world)) and Office31 (with A (amazon), D (dslr) and W (webcam)). Results are reported as:
Adaptation accuracy (upper) and Accuracy drop (lower).

Method OfficeHome Office31
C2A P2A R2A A2C P2C R2C A2P C2P R2P A2R C2R P2R Avg | D2A W2A A2D W2D A2W D2W Avg.
Vanilla | 48.98 67.09 74.57 50.68 63.14 64.15 50.89 42.27 73.26 63.82 48.66 77.90 60.45|78.11 71.82 94.34 98.59 57.29 61.06 76.87

66.96 65.10 72.89 58.01 57.34 60.25 75.60 76.21 82.95 79.50 76.11 81.39 71.03|73.30 74.12 88.76 100.00 89.81 97.99 87.33

SHOT 17.66 9.85 6.84 17.00 11.49 1232 11.54 1638 6.61 796 1548 7.62 11.73| 823 6.79 6.14 0.13 7.10 020 4.77

SHOT++ 67.04 65.84 72.31 59.59 58.76 62.70 76.19 76.44 83.49 79.57 76.75 81.89 71.71|74.62 75.65 88.76 100.00 92.08 97.99 88.18
1628 11.47 8.79 1550 12.03 12.11 12.61 16.70 8.19 890 16.74 7.57 12.24| 7.03 9.18 695 025 695 040 5.13

NRC 66.05 64.81 72.19 60.16 58.28 61.56 77.61 75.76 83.40 80.15 76.61 78.56 71.26|75.68 74.72 93.57 100.00 92.70 98.24 89.15

22.58 20.37 20.17 16.65 23.66 2529 12.53 2229 10.69 14.26 19.08 15.43 18.58|11.24 8.18 9.55 0.00 873 020 6.32

AaD 7091 67.57 73.75 60.25 60.60 60.94 78.46 76.41 84.46 81.75 78.91 81.59 72.97|75.43 75.61 93.57 99.80 92.20 98.49 89.18

23.82 17.87 12.48 19.66 16.06 1595 14.55 21.19 8.35 12.16 18.69 11.38 16.01 |10.64 1421 852 0.00 7.10 0.00 6.74

DaC 66.71 6522 72.31 58.76 57.18 61.35 74.82 74.75 82.16 80.19 76.25 80.56 70.86 |73.91 75.36 89.75 100.00 90.57 98.49 88.01

1264 755 686 1195 8.13 934 890 9.87 484 449 9.16 403 815|542 365 440 0.00 408 0.00 293

EdeeMix 66.50 63.95 71.24 58.03 54.73 60.92 77.25 74.41 83.28 79.73 75.05 79.41 70.37|75.04 72.42 91.57 99.80 91.07 98.36 88.04
1225 11.02 445 5.61 597 1051 9.15 799 530 734 1232 9.69 847|763 1786 9.72 0.00 7.38 0.00 7.10

GSFDA 68.97 65.55 72.39 57.04 54.27 59.66 77.18 74.54 83.98 80.47 76.47 81.71 71.02|72.17 73.30 88.55 100.00 88.43 98.97 86.90
852 466 280 503 218 280 1.77 552 177 0.83 4.67 155 351|100 063 319 0.13 248 0.00 1.24

CoTTA 53.73 53.32 64.98 50.45 45.59 51.68 67.45 63.14 77.79 74.87 62.79 7423 61.67|66.88 65.53 86.14 99.80 85.16 97.74 83.54
158 1.01 013 0.17 025 059 0.00 0.04 0.02 000 1.03 0.02 040 | 0.00 038 0.64 0.00 1.77 0.00 0.46

CoSDA 67.86 64.94 73.34 58.85 54.75 61.15 75.44 74.50 82.83 79.78 75.03 80.65 70.76 |74.90 74.16 86.75 100.00 89.43 98.62 87.31

442 273 241 297 306 296 136 458 206 099 442 176 281|361 214 103 0.00 163 0.00 140
CoSDA | 61.19 5843 68.97 53.33 49.31 57.14 71.16 70.13 80.78 77.14 70.23 76.70 66.21|70.96 68.90 84.34 99.80 85.79 97.74 84.59
(-MI | 1.76 081 0.82 058 097 133 029 169 059 000 135 065 090|040 013 1.17 0.00 142 0.00 052

CoSDA | 67.41 65.84 71.82 58.51 53.86 58.53 77.49 75.56 83.89 81.89 75.14 81.20 70.93|75.93 74.26 91.37 100.00 91.37 98.49 88.57
(+)NRC | 831 793 6.67 458 1070 7.59 206 520 3.60 256 7.03 270 574|221 3.65 227 0.00 241 0.00 176
CoSDA | 67.12 66.05 73.51 58.44 5521 61.40 76.86 74.70 83.62 80.51 75.63 80.65 71.14]76.29 76.39 92.97 100.00 93.71 98.49 89.64
(+)AaD | 488 5.14 394 190 257 440 173 384 214 095 4.17 1.12 3.07 | 2.81 390 248 0.00 3.16 0.00 2.06

EdgeMix employs a pretrained DexiNed (Soria et al., 2020) model to extract edge information and
uses these features as domain-invariant features by fusing them into input data using mixup. However,
these methods heavily rely on pre-determined data augmentation strategies, which may not generalize
well to all domains. For instance, EdgeMix failed to mitigate catastrophic forgetting on DomainNet,
and DaC exhibited significant forgetting on the infograph and quickdraw of DominNet. Compared to
these methods, CoSDA exhibits a significant reduction in forgetting across all adaptation pairs and
does not rely on pre-determined data-augs. The experimental results on DomainNet, OfficeHome, and
VisDA demonstrate that CoSDA outperforms SHOT, SHOT++, and DaC in most adaptation scenarios,
while reducing the average forgetting to approximately % on DomainNet. Moreover, as mentioned
in Section 3.1, CoSDA can be combined with pseudo-label-based methods to alleviate forgetting.
Results on the four benchmarks demonstrate that CoSDA can be used in conjunction with NRC
and AaD to reduce their forgetting to approximately 1—10 to % while incurring only a slight decrease
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Table 3: Single target domain on VisDA. Results are  Figure 3: Multi-target sequential adapta-
reported on each of the 12 classes separately, and the tion on the OfficeHome with the order of
ablation study of CoSDA is conducted by successively  Art—Clipart—Product— Real-world.
removing the four components of the method.

A C 3 R A C 3 R A C P R

= - /\w 8222 7322 75.57 Aﬁ 84.14 7437 68.23 ’\ﬁ 81.01 68.05 75.65
@ ] 2 2 ] g P El =
E % s s £ % &2 E B £ § %
Method [ a a 9] = 2 = & = @ = = Avg. C C 60.80 m C 60.53
Vanilla 6284 1659 586 6459 6631 371 8033 2956 6578 24.17 8986 1241 479
9558 85.64 8544 7122 9584 9619 8585 8565 9125 89.00 8447 4841 8455 r o | 6596 6634 P o | 6975 6733 P o 6544 6576
SHOT 133 068 5145 3188 284 133 5248 0S8 046 2021 1975 333 1553 e o o
NRC 9556 87.54 8211 6311 9501 9344 8852 8043 9525 8846 8769 6218 8494 , g )
008 020 2739 3481 1123 036 1677 760 167 982 3404 1390 13.16 R L G 115
AdD 9539 8635 8287 69.63 95.18 9513 8977 8252 9158 90.92 9020 57.60 85.60
@ 130 117 5900 1358 1151 984 2662 828 071 1053 2197 3329 1649 SHOT NRC AaD

DaC 9578 8193 83.69 8020 96.83 97.06 94.10 8140 9477 9421 90.82 4528 86.34 A c P R A c p
0.10 034 4044 30.15 9.08 1.66 1413 720 033 152 1397 258  10.12

R A C P R
EdgeMix 9507 8805 8472 7089 9545 9344 8316 7814 9237 §930 8840 4847 8396 AP 8727 7833 1804 A oLI7 8980 A 98.97 | 98.48 | 95.88
065 094 2831 3LII 784 032 3345 1430 054 768 2474 1669 1388

GSFDA 9632 9073 8373 6920 9653 9234 8600 8058 9376 9281 8862 4507 8466

007 204 024 2930 505 0.00 3399 107 019 428 1544 979 841 C 58.76 C ¢ 4532
COTTA 94.50 60.14 9262 7120 9608 3841 9613 8139 94.61 8539 8457 3081 7715

042 038 272 2978 1049 216 1459 651 005 002 1507 1948 847 P[pwr | (6625 6761 b [ pwr | 7009 6873 P [ gy | 6375 8972
CoSDA 9499 80.69 8699 7341 9475 8597 9358 7972 9311 8575 9025 3771 8308 —~8.00 —4.68 —445
(+)NRC 024 018 2444 1719 218 424 908 259 008 126 668 1486 692 R 7285 R N : 7223
CoSDA 9529 8329 8246 6865 9533 90.69 9166 80.80 9345 8505 8991 5427 8424
(+) AaD 023 016 3143 2583 170 130 1815 178 011 953 894 975 908

Ablation Study

CoSDA 9504 8676 8669 7513 9558 9098 9195 8266 9338 8899 9001 5130 8571
o 019 065 2759 3461 311 155 1791 1150 046 540 1430 1284 1084 L 99.22 ﬁ Aw 90.61 87.87 AM
8922 7761 7389 2845 6497 3419 7911 5875 7376 7135 6694 6032 64.88

OTeacher | 049 9503 86.19 9804 $928 9645 9302 9941 §7.89 9603 9462 8723 8538
9455 847> 5609 6301 0411 9484 8904 SI53 9219 9008 8664 5344 8419
1.08 9.63 2829 5740 2186 1225 49.08 37.74 240 9.59 3368 3248 24.62
9336 5594 8552 7407 9433 6140 9520 8025 9272 7500 86.75 34.62 7743 P BWT 71.25 7292 P BWT 71.03 71.53 P BWT 73.82 74.57
006 043 070 1723 469 006 535 723 006 004 1079 1213 489 o =439 =
9426 78.10 8505 7123 9478 8458 9197 8217 9258 87.02 8586 4203 8247
024 110 1034 2521 871 021 1665 922 035 037 1903 1306 871
9445 7294 89.16 7690 9599 7487 9422 7921 93.82 7241 88.86 29.68 80.21
0.10 1.07 25.14  39.05 3.63 0.06 17.44 8.12 0.40 0.38 6.66 8.04 9.17

() Dual-Speed
() Mixup & MI
() Mixup R 7785 R 7590 R 78.88

G)MI

CoSDA CoSDA (+) NRC COSDA (+) AaD

in target accuracy (about 1% on average). Furthermore, by incorporating CoSDA, we achieve the
best performance on the C,P,S—I, R,I,C—P, and R,C,P—S adaptation pairs of DomainNet, while
significantly mitigating forgetting. Comparison among continual DA methods. GSDA and CoTTA
reduce the forgetting by restoring the prior domain information: GSFDA assigns specific feature
masks to different domains and CoTTA adapts parameter regularization by stochastically preserving
a subset of the source model in each update. The experiments reveal some limitations of the above
two methods: GSFDA relies on domain ID for each sample during testing, and CoTTA tends to
overfit the source domain and learn less plastic features, leading to poor adaptation performance.
CoSDA outperforms these methods by obviating the requirement of domain ID and preserving high
adaptation performance on the target domain.

Robustness to hard domains. The infograph and quickdraw in DomainNet are considered hard and
typically exhibit low adaptation performance (Peng et al., 2019; Feng et al., 2021). Results in Table 1
show that CoSDA exhibits robust performance on both hard domains, reducing the forgetting from
> 23% to 2.76% and from > 44% to 2.64%, respectively. Additionally, by integrating CoSDA, the
robustness of NRC and AaD methods is significantly improved.

4.3 MULTI-TARGET SEQUENTIAL ADAPTATION

We use two metrics to evaluate multi-target sequential adaptation: feature transferability and degree
of forgetting. As mentioned in Section 4.1, we utilize the diagonal entries of the accuracy matrix to
measure transferability and BWT to measure the degree of forgetting. As shown in Figure 2 and 3, the
BWT indices of prior SFDA methods are remarkably low, indicating severe catastrophic forgetting.
For instance, the BWT of SHOT, NRC, and AaD in DomainNet are all below —35, which corresponds
to a continuous decrease in accuracy from 81.31% to < 10% on the real domain. As observed in
the single-target adaptation, the forgetting in EdgeMix and DaC is alleviated due to the adoption of
consistency loss. For example, DaC alleviates forgetting with the BWT value of —31 on DomainNet
and —8 on OfficeHome. Compared to these methods, CoSDA exhibits a significant reduction in
forgetting, with BWT values of —8.6 on DomainNet and —2.24 on OfficeHome. Furthermore, we
find that catastrophic forgetting not only leads to a decrease in accuracy on previous domains but
also impairs the model’s ability to adapt to new domains. For single target adaptation, although NRC
and AaD suffer from catastrophic forgetting, they still achieve the best performance on the target
domain. However, in multi-domain settings, their performance on subsequent domains becomes
much lower than CoSDA. By integrating CoSDA with other SFDA methods, we can simultaneously
mitigate catastrophic forgetting and enhance the model’s transferability to new domains. For example,
by integrating CoSDA with NRC, we improve the BWT from —39.48 to —8.44 on DomainNet,
accompanied by an average increase of 12.34% adaptation accuracy on the clipart, painting, and
sketch. Similarly, integrating CoSDA with AaD resulted in an increase in BWT from —36.79 to
—10.01 on DomainNet, accompanied by an average improvement of 11.31% in adaptation accuracy.
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Comparison among continual DA methods. In single domain adaptation (Sec 4.2), we discuss the
limitations of GSFDA and CoTTA, with GSFDA relying on domain ID during testing and CoTTA
having suffered from limited transferability. These limitations become more severe in multi-domain
settings. For instance, GSFDA needs to store features for each domain, leading to a decrease in
transferability and difficulty in fitting to hard domains in large-scale datasets with many categories,
such as DomainNet. However, in benchmarks with a small number of categories such as OfficeHome,
GSFDA performs well in both transferability and mitigating catastrophic forgetting. CoTTA tends to
overfit to the source domain, leading to a continuous drop in performance on the target domain until
it becomes unfeasible for transfer. In contrast, CoSDA exhibits superior transferability, surpassing
GSFDA by 4.02% on average and CoTTA by 5.23%, and also outperforms GSFDA in terms of BWT.

4.4 ABLATION STUDY: WHY COSDA WORKS

In this section, we perform an ablation study to investigate the mechanisms underlying CoSDA’s
transferability and forgetting prevention. We approach this through both quantitative and qualitative
analysis, focusing on the adaptation performance and feature visualization. As discussed in Section 3,
we design a teacher-student structure as well as a consistency loss to enable adaptation and utilize dual-
speed optimization to prevent forgetting. Specifically, we employ mixup to generate pseudo-labels
for the consistency loss and introduce MI loss to enhance robustness to hard domains.

First, we conduct domain adaptation on
VisDA to validate our claims. As shown in
the lower part of Table 3, we investigate the
contributions of each part in our method by
successively removing the teacher model,
dual-speed optimization, mixup, and MI
loss. The first row of the table shows that
removing the teacher model and using (a) Vanilla (b) CoSDA (¢) w.0. Dual-Speed
only the student model for predictions

leads to overfitting to certain classes and Figure 4: The t-SNE visualizations of the features on
complete failure of adaptation, highlighting VisDA extracted by Vanilla, CoSDA and CoSDA w.o.
the importance of the teacher-student dual-speed. Red color denotes the source feature and
structure. The second row shows that Blue color denotes the target feature. The foreground
removing dual-speed optimization and points denote the data feature, while the background
simultaneously updating both teacher and lattice represent the overall feature distributions.
student models hardly affects adaptation

accuracy, but leads to severe catastrophic forgetting. This highlights the crucial role of dual-speed
optimization in preventing forgetting. The next three rows of the table illustrate the results of
removing mixup, MI loss, and both mixup and MI loss, and the results indicate that both mixup
and MI loss contribute significantly to improving the adaptation performance. We further conduct
ablation study of MI loss on DomainNet. The results in Table 1 show that the removal of MI loss
leads to training failure on hard domains, highlighting its crucial role in maintaining robustness.

Moreover, we visualize the features of source and target domains under three settings: vanilla,
CoSDA, and CoSDA without dual-speed optimization, as shown in Figure 4. Vanilla shows significant
distribution shift between source and target domains. After adaptation with CoSDA, we observe
that the model learns a shared feature space for both source and target domains, indicating its ability
to achieve transferability and prevent catastrophic forgetting. However, without the application
of dual-speed optimization, we observe that while some distances between source-target features
decrease, others remain distant, suggesting the occurrence of catastrophic forgetting.

5 CONCLUSION

In summary, this work conducts a systematic investigation into the issue of catastrophic forgetting on
existing domain adaptation methods and introduce a practical DA task named continual source-free
domain adaptation. CoSDA, a dual-speed optimized teacher-student consistency learning method, is
proposed to mitigate forgetting and enable multi-target sequential adaptation. Extensive evaluations
show that CoSDA outperforms state-of-the-art methods with better transferability-stability trade-off,
making it a strong baseline for future studies. In addition, our open-source unified implementation
framework designed for different SFDA methods can serve as a foundation for further explorations.
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Figure 5: An overview of mixup process on VisDA. Red color denotes the source feature and Blue
color denotes the target feature. The centroids of source and target features are denoted by X and
2

X . For CoSDA, we set the value of 3(a,a) to a = 2 and use A = £. The mixup process results

in data points shrinking to their centroids, thereby reducing the domain distance.

A APPENDIX

A.1 THE RATIONALE OF SELECTING MIXUP AS DATA AUGMENTATION STRATEGY

In Section 3.1, we introduce mixup as a data augmentation strategy used in CoSDA, which is claimed
to holistically reduce the domain distance and thereby facilitating the learning of domain-invariant
features. In this section, We provide evidence to support this claim. We start with summarizing an
equivalent form of mixup proposed by Carratino et al. (2022) which establishes a connection with
label-smoothing techniques as follows:

Theorem A.1. Let D be the target domain with N training samples X; and their corresponding
pseudo-labels p;. Suppose the mixup augmentation with distribution By 1 (a,a) are used for the
student model hy, with the consistency loss leons(-). Then, the empirical risk of the consistency loss
can be approximated as:

gmixup(éconsa 1/; = %Z |: cons X +0;,Pi + €55 w)} , 4

i=1 7,0

where j ~ Unif(1,...,N), § ~ ﬂ[%’l] (a,a), and (Xz, Di, 0;, €;) can be formulated by squeezing the

samples towards their centroid X = % Zivzl X, as follows:

X; =0(X; - X) + X,
151:6(1) - I3)+I3, o (5)
0, =0-0X;,+(1-0)X; —(1-6)X,
€ = (0 —0)p; + (1 -0)p; — (1-0)p,
where 8;,€; are zero-mean random perturbations, ||6;||2 < || X;|l2 and 6 = 2 — % is the

expectation of distribution 0 ~ [3[1 /2 1 (a,a). For CoSDA, we have 0= % with a = 2.

Proof. We recap the format of &pixup as follows:

1
Emixup(econs; hl/:) = ﬁ Z Z cons hw )\X + (]- - A))(ja >\pz + (1 - )‘)pj))] ) (6)
where A ~ Bio.11(a, a). To investigate the impact of A on Eq. (6), we construct a function that relates
the value of A to mixup data pairs as m; j(\):

m,'J(/\) = Leons (h¢()\Xz + (1 — )\)X]‘, Ap; + (1 — )\)pj)) . 7)
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Denoting A = (1 — m)0 + 6,0 ~ Bula,a), 8" ~ By 1y(a,a),m ~ Ber(1), we can rewrite
mw(x\) as

Ex [mi,; (V)] =:EeﬁZw["%J((1—-W)94-W93}=:%(Ee["%4(9ﬂ'+15w[W%J(QUD- ®)

Since ' = 1 — 0, we have Eg [m; ;(0)] = Eq/ [m; ;(#’)]. Substituting it into Eq. (6), we obtain:
)

1 L& 1L (1
Emixup(gconsa h’l/)) = m Z E [mi,j (0)] = N Z N ZEO [m%](o)} . (9)
i=1 j=1 i=1 j=1

Denote §; = + Z;\le Eg [m; ;(0)], we have & = Eqg ; [leons (e (60X, + (1 — 0)X;),0p; + (1 —0)p
Notably, (X;, P;) has the following relation with &;:

X = 0(Xi=X)+X = Eg [0X;+(1-0)X,}: P = 0(pi—P)+P = Eo;[0pi+(1-0)p;]. (10)
With the relations in Eq. (10), we denote €, § and prove Eq. (4) as follows

8, = 0X;+(1-0)X;-X;; € =0p;+(1-0)p;—pi; & =Eo Vcons (hw(xi +94;),pi + Gz)} )
1D
Combining the equations Eq. (10) and Eq. (11), we can obtain E[d;] = 0 and E[¢;] = 0. Furthermore,
following the empirical study in Carratino et al. (2022), we can conclude that the ¢5-norm of §; is
much smaller than that of X;. O

We conduct the following analysis of Theorem A.1. Since the magnitude of the perturbation ||d||2
is much smaller than the norm of the mixed samples || X||2 (Carratino et al., 2022), we can interpret
the mixup augmentation as squeezing the samples towards their centroid, i.e., X — X. In domain
adaptation, the cluster distance between source and target domains (Deng et al., 2019) is often used
to measure the degree of distribution shift. As shown in Figure 5, a source-domain-trained model
has a clear boundary in the distributions of source and target domains (as shown in (a)). However,
the centroids of the source and target domains are much closer than the sample points. By using
the mixup method, all sample points are squeezed towards the centroids (as shown in (b)), thereby
heuristically reducing the domain distance and facilitating the learning of domain-invariant features.

A.2 THE ANALYSIS OF MUTUAL INFORMATION LOSS

Mutual information (MI) is a concept used to quantify the degree of dependence between two random
variables. It measures the reduction in uncertainty of one variable by knowing the value of the other
variable, indicating the amount of information they share. The mutual information between two
random variables X and y is defined as follows:

MI(X,y) = Dkr (p(X,y)[lp(X)p(y)) - (12)
During the training process of CoSDA, we use y to denote the label and use h,,(X) as the label
distribution p(y|X). For B samples in a mini-batch, we estimate the distribution of data X using
empirical distribution as p(X) = 4. Then we estimate p(y) as p(y) = Y x p(y|X)p(X) =
% Zf;l ha(X;) := hy,. Based on the definitions above, the mutual information for CoSDA can be
expressed as follows:

B
1 _
B _ ,
MI({XHE w) = =5 > Dra (hy (Xi) By (13)
and the mutual information loss is £y := —MI({X;}2 |, ).

In Section 3.2, we claim the mutual information loss can improve the robustness of the model and
enable it to learn from hard domains. We provide evidence to support this claim. Based on previous
studies (Liang et al., 2020; Hu et al., 2017), £y can be decomposed into two components: minimizing
the instance entropy and maximizing the marginal inference entropy:

1. Minimize instance entropy'

B C
rrbl’n— Zent (hy (X 2::2:: Xi)ic10g hay (X)ic- (14)
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Table 4: Hyperparameters for all the methods evaluated in the experiments.

Method I Shared hyperparameters I Dataset specific hyperparameters

learning rate: 1 x 107%72 x 10~* for backbone;
learning rate: 1 x 107272 x 1072 for bottleneck and classifier;
SHOT&SHOT++ cls_loss weight: 0.3; Same for all datasets.
ent_loss weight: 1.0;
ssl_loss weight: 0.6 (for SHOT++).

NRC learning rate: 2 x 107371 x 1073; For VisDA, set learning rate: 2 x 107371 x 1074k = 8, m = 8;
k=4,m=3. For DomainNet, set k = 6, m = 4.
AaD learning rate: 2 x 107371 x 107%; For VisDA, set learning rate: 2 x 107371 x 1074
a = 0.4, decay v = 0.96. k = 2,3, 4,8 For Office-Home, Office31, DomainNet, VisDA.
learning rate: 2 x 107372 x 1074 For VisDA, set learning rate: 5 X 107476 x 107°;
DaC temperature: 0.05, K: 40, k: 5; K: 300, momentum: 0.2;
a momentum: 0.8, threshold: 0, gate: 0.97; coefficients for cls, im, con and mmd: (0.39, 0.1, 1.0, 0.3) ;
coefficients for cls, im, con and mmd: (0.02, 0.25, 0.03, 0.15). For DomainNet, set learning rate: 1 x 107372 x 1074,
o rater —3~ —4, e arnine rate: -3~ -3.
EdgeMix ‘ learning rate: 1 x 10 2x107% ‘ For Office31, learning rate: 2 x 10 1 x1077;

For VisDA, learning rate: 2 x 107%71 x 10~*

For VisDA, set k = 10;
For DomainNet, set backbone learning rate: 5 x 107471 x 1077
bottleneck and classifier learning rate: 5 x 107571 x 1076
k=10, Agen =2

A = 0.9, finetune epochs: 2.

learning rate: 1 x 107272 x 10~* for backbone;
GSFDA learning rate: 1 x 107*72 x 10~? for bottleneck and classifier;
k=25=100, Agen : .

source model preserve ratio (rst): 0.01;
CoTTA average predictive prob (ap): 0.92; For Office31and VisDA, set ap to 0.5 and rst to 0.001.
aug times: 32.

learning rate: 2 x 107271 x 1073,

temperature: 7 = 0.07; For DomainNet, set v = 0.1 and m = [0.95, 0.99];
mixup: 3(2,2); loss weight o = 1; For VisDA, set learning rate: 4 x 107372 x 1072,
EMA momentum: m = [0.9,0.99].

CoSDA

2. Maxmizie marginal entropy:

c
maxent(hy,) ;= max —hy loghy .. 15
1o (hy) 19 Z p.cloghy (15)

c=1

By minimizing instance entropy, the model learns to assign distinct semantics for each data, resulting
in a concentrated classification distribution. This enables the model to learn classification information
even in the presence of inaccurate pseudo-labels in hard domains. By maximizing the marginal
entropy, we ensure that the model learns a uniform marginal distribution, which allows it to learn
information from all classes in a broad and balanced manner, rather than overfitting to a few specific
classes. Based on the above two advantages, we demonstrate that integrating mutual information
loss into the training objective can lead to good properties such as improved robustness and effective
learning from hard domains.

A.3 TRAINING PARADIGM

In our experiments, we follow previous settings (Long et al., 2015; Ganin et al., 2016; Liang et al.,
2020; Yang et al., 2021b; Zhang et al., 2022) and utilize two common training paradigms: inductive
learning and transductive learning. For DomainNet that provides an official train-test split, we use
the inductive learning pipeline to train models on the training set and report model performance
on the test set. On the other hand, for OfficeHome, Office31, and VisDA, which do not provide an
official train-test split, most methods adopt the transductive learning based adaptation pipeline. In
this pipeline, the training and testing datasets are identical. Specifically, models are trained on the
entire source domain and adapted to the entire unlabeled target domain. During testing, the models
are evaluated on the same training dataset to report the adaptation performance as well as the degree
of catastrophic forgetting. It is important to note that, since the inductive learning paradigm is more
practical, we primarily focus on the analysis and discussion of our results based on the DomainNet
experiments, supplemented by the transductive learning performance on the other three benchmarks.

A.4 HYPERPARAMETERS
We build a unified implementation for all methods with the following settings: we use ResNet50 as

the backbone for DomainNet, OfficeHome, and Office31, and ResNet101 for VisDA. We apply cyclic
cosine annealing as the learning rate schedule, set the weight decay to 5 x 1072, and use random
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horizontal flip as regular data augmentations, except for DaC, EdgeMix, and CoTTA. Specifically,
EdgeMix uses a pretrained DexiNed (Soria et al., 2020) to extract and confuse edge features, while
DaC and CoTTA use AutoAug (Cubuk et al., 2019) as augmentation strategies.

In addition, we construct a validation dataset to select suitable model-specific hyperparameters.
Specifically, we split 5% of the data from the current target domain’s training set as the validation
dataset. In the CoSDA setting, we are not allowed to access the data from previous domains.
Therefore, we do not construct a validation dataset on the source domain or previously encountered
target domains. The details of hyperparameter selection for each method are presented in Table 4.

16



	Introduction
	Preliminaries and related works
	CoSDA: an approach for continual SFDA
	Consistency learning with teacher knowledge
	Dual-speed optimization strategy
	Algorithm and hyper-parameters

	Experiments
	Realistic evaluation of current methods
	Single target adaptation
	Multi-target sequential adaptation
	Ablation study: why CoSDA works

	Conclusion
	Appendix
	The rationale of selecting mixup as data augmentation strategy
	The analysis of mutual information loss
	Training paradigm
	Hyperparameters


