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Abstract

In response to the growing demands of real-world applications,
models must be capable of learning continuously under inconsistent
data distribution. However, existing Class-Incremental (CI) meth-
ods fail to alleviate domain shifts, while traditional Unsupervised
Domain Adaptation (UDA) techniques suffer from catastrophic
forgetting and privacy concerns. To address these limitations, we
explore Source-Free Class Incremental Domain Adaptation (SF-
CIDA) and propose a novel approach, Quantifying Samples with
Invariance (QSI), for this scenario. Our proposed method involves
two main strategies: (1) Semantic Restructuring. We identify
confusing source category pairs and restructure images to create
a negative dataset that is semantically similar to the source fea-
tures, refining accurate decision boundary among source categories.
(2) Invariance Quantification. The sample’s confidence is then
quantified by its spatial location under the special data distribu-
tion, reflecting the trade-off between invariant features and domain
shifts. Guided by such strategy, samples’ confidence is accumulated
for the target model to prioritize reliable categories, not only miti-
gating the poor performance of experience replay in unsupervised
scenarios, but alleviating distribution discrepancies simultaneously.
Experiments demonstrate that our approach outperforms previ-
ous methods, establishing new state-of-the-art performance on the
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Office-31, Office-Home and DomainNet-126 datasets, with average
accuracy improvements of over 7.3%, 4.9% and 10.2% respectively.
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1 Introduction

Deep learning models have demonstrated excellent performance
on a variety of tasks where the source and target domains are of the
same distribution. However, in practical situations, target domains
often experience domain shifts [18, 43], leading to inconsistencies
in the data distribution. As a result, models trained solely on source
data perform poorly when applied to out of distribution domains
due to limited generalization capabilities. Therefore, Unsupervised
Domain Adaptation (UDA) methods have been developed to address
the challenge of distributional invariance.

However, for real-world applications, data often arrive as a con-
tinuous stream, conflicting with the assumption that all data is
available in advance in UDA methods. For example, consider a med-
ical robot equipped with disease diagnosis model trained on a large
dataset of adult data. While some diseases are now developing in a
younger age, such a model may perform poorly for children due
to differences in manifestation of the same symptoms compared
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Figure 1: An illustration of different settings (UDA, SFUDA,
CIDA, SFCIDA). Overlapping images indicate incremental
tasks, while the locks on the dashed lines imply restricted
access to the data.

to adults. Furthermore, given the growing demand for diagnos-
ing a wider range of diseases and concerns over medical privacy,
the model needs to preserve learned knowledge without requiring
training data.

Nevertheless, UDA falls short in addressing the above medical
scenario, as it not only necessitate access to source data but also
assumes the source and target domains share the same label set
[17, 22]. Recently, several studies have delved into Source-Free Un-
supervised Domain Adaptation (SFUDA) to address the absence of
source data during adaptation [27, 29, 41, 48, 49]. However, SFUDA
still suffers from catastrophic forgetting when learning from con-
tinuous data-streams. In contrast, Class-Incremental Learning (CIL)
[11, 37] focuses on preserving prior knowledge while acquiring new
information, but cannot effectively handle domain shifts. Given the
limitations of previous works, we propose a novel setting called
Source-Free Class Incremental Domain Adaptation (SFCIDA) to
meet the demands of real-world applications.

The SFCIDA paradigm introduces two main challenges for the
models. First, the models are prone to forgetting previous knowl-
edge during continuous learning. To address this, experience replay,
which selectively stores a limited number of past training samples
in a memory buffer, has been shown to be effective in preserving
prior knowledge in supervised scenarios [31, 37]. However, the ab-
sence of source and unlabelled target data weaken the effectiveness
of CI methods, as it becomes difficult to denoise samples and store
accurate images. Secondly, to mitigate distribution discrepancies,
models [17, 22] must be capable of performing domain alignment
in the absence of source data. Although SFUDA approaches [27, 29],
which rely only on target samples, are well-suited for this, they still
face poor long-term performance.

Therefore, we propose a novel Source-Free Class Incremental
Domain Adaptation approach named Quantifying Samples with
Invariance (QSI), which leverages the confidence quantification for
target samples estimated by a well-designed pre-trained model. To
tackle the challenges encountered, our method employs a two-stage
strategy: (1) Semantic Restructuring. We construct a negative
dataset that is semantically similar to source domain and train the
source model with both positive and negative datasets, which en-
ables to configure decision boundaries precisely. Furthermore, with
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the confidence accumulation method, the model can effectively
address the challenges posed by domain shift and the absence of
source data. (2) Invariance Quantification. Target samples are
weighted based on the degree of invariance between themselves
and the source domain images of positive categories, ensuring the
use of more reliable samples throughout the training process. Build-
ing upon the confidence we compute, we weight the transfer loss
function and samples in experience replay. This stage strengthens
the model’s robustness and retains higher-quality images in the
memory buffer to simultaneously address the problems of domain
shift and catastrophic forgetting.

To summarize, the main contributions of this paper are as fol-
lows:

(1) To the best of our knowledge, we are the first to explore
Source-Free Class Incremental Domain Adaptation (SFCIDA)
and we propose a novel Quantifying Samples with Invariance
(QSI) method to address two challenges in SFCIDA setting.

(2) We propose Semantic Restructuring and Invariance Quantifi-
cation to sift reliable samples, which enhance the robustness
of the training model and alleviates both catastrophic forget-
ting and distribution discrepancies.

(3) We evaluate our method on three datasets (Office-31, Office-
Home and DomainNet-126), with average accuracy im-
provements of over 4.9%, 7.3% and 10.2% compared to SOTA
methods, respectively.

2 Related Works

Domain Adaptation and Source-Free Domain Adaptation. To
address the distribution discrepancies, Unsupervised Domain Adap-
tation (UDA) methods aim to mitigate domain-shift and improve
performance on the target domain [8, 10, 21, 24, 25]. Numerous prior
works have made great progress in reducing domain gap by mini-
mizing transfer loss [7, 9, 15, 30, 44] and statistically aligning data
distributions across different domains [5, 16, 36, 45], or by employ-
ing a generative models like Generative Adversarial Nets (GANs)
to generate target-style samples from source domain [15, 39, 50]. A
subfield of DA is Partial Domain Adaptation (PDA), which assumes
that the target label set is a subset of the source domain. To transfer
knowledge into a smaller label set, source samples are assigned by
class-level or instance-level weights [2-4]. Other methods address
negative-transfer problem by employing a discriminator [3] or by
conducting alignment between source and target domains [14].
But for real-world applications, source data is often inaccessible
due to private concerns or data corruption, rendering traditional
UDA methods that require both source and target data inapplica-
ble. Consequently, recent researches have focused on addressing
the problem in the context of Source-free Unsupervised Domain
Adaptation (SFUDA), where only source models and unlabelled
target data are available [6, 26, 27, 35, 41, 47]. GPUE [29] intro-
duced an approach to refine pseudo-labels by evaluating samples’
uncertainty through their neighbours. SHOT [27] provided another
refinement strategy to assign labels to unlabelled target samples
based on cosine similarity to the category centroid. Additionally,
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Figure 2: (a) Framework. The source models My and Mp are trained with and without negative datasets, respectively. My is
utilized to implement our Invariance Quantification strategy for denoising target samples, while the target model G is initialized
by Mp. To build the memory buffer, we identify prototypes of the target label set in each incremental task using the Confidence
Accumulation method. Satisfying with the SFCIDA scenario requirements, we train model G and the classifier using only target
and stored images. (b) Semantic Restructuring. We augment the source samples to generate a confusion matrix, from which
we obtain negative pairs, and employ Semantic Restructuring to construct a negative dataset. (c) Invariance Quantification.
Based on the constructed decision boundaries, we can quantify the quality of target samples. Samples falling within the green
distribution exhibit high confidence. Conversely, those within the blue distribution indicate low confidence.

other methods have focused on generative models [26, 35], self-
supervised strategies [6], and class-prototypes [27]. However, both
UDA and SFUDA methods are prone to catastrophic forgetting
when data arrives in a streamming manner.

Continual Learning. Motivated by the human learning pro-
cess, where data streams continuously, Continual Learning has
been studied, with the expectation that artificial intelligence can
accumulate knowledge [12, 20]. Among the various branches of
Continual Learning, Class-Incremental Learning (CIL) is one of the
most widely studied. CIL methods aim to strike a balance between
efficiently learning new knowledge and maintaining the ability to
preserve old knowledge, which can be challenging due to the risk of
catastrophic forgetting. To address this, CIL methods employ strate-
gies like weight regularization [19], generative replay [40], gradient
projection [32], self-supervised learning [33] and parameter alloca-
tion [34]. For example, GEM [32] and AQM [1] stores a few images
that are close to the feature centroid in a small memory buffer
during training and then replay them in subsequent tasks.However,
most CIL methods are not well-suited in DA scenarios as they lack
the ability to bridge the domain gap.

3342

Class Incremental Domain Adaptation. Existing DA meth-
ods often suffer from catastrophic forgetting when learning new
knowledge. Conversely, CI methods are not designed to mitigate
domain shift in transfer learning. Therefore, a few works have in-
troduced CI approaches to DA. For example, CIDA [23] learned
a target-specific latent space to align target samples from shared
classes and preserve the semantic granularity. ProCA [28] intro-
duced a prototype-guided method to detect shared categories in
PDA, which alleviates both domain discrepancies and catastrophic
forgetting via prototype-based methods. However, both methods
rely on data or meta-data from the source domain, which is not
suitable for some realistic scenario (e.g. biometric data). Despite
the inconsistent data distributions between the source and target
domains, using source data can effectively preserve old knowledge,
since the same categories across different domains often share com-
mon features. Consequently, the Source-Free (source model only)
setting poses greater challenges for the CIDA scenario.

3 Proposed Approach

Our study focuses on the Source-Free Class Incremental Domain
Adaptation scenario. In this setting, the source data is no longer
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accessible during adaptation, and all subsequent incremental tasks
in the target domain rely solely on the pre-trained source model. We
train the model M), only by source dataset and the model M, with
well-defined decision boundaries using both the source and the
negative dataset. We initialize target model G using Mp, and assign
confidence to target samples through the output of model My by
Invariance Quantification strategy. High-quality target images are
stored in a memory buffer and the model G will be trained jointly
on the target and the stored samples. With two-stage strategy and
experience replay, the target model, initialized by the source model,
effectively mitigates both catastrophic forgetting and domain shift.
An overall framework is illustrated in Fig. 2.

3.1 Semantic Restructuring

In unsupervised settings, pseudo-labels inevitably contain noise
due to the absence of ground truth labels. Domain shifts and unseen
source data can further push image features toward the edges of
the source distribution, degrading their quality. Although [35] pro-
poses a method for configuring decision boundaries using randomly
composed samples, the generated images do not contain sufficient
information to mislead the model effectively, providing minimal
assistance in configuring accurate decision boundaries. Therefore,
we propose a novel method for restructuring images semantically
to achieve precise division of decision boundaries.

Let Dg = { (x5, ys)|xs € Xs,ys € Cs)} denote the source domain,
where X; is the positive sample space and ys is the corresponding
label in the source label set Cs for xs. Then we construct samples
that do not belong to the positive (source) categories but still share
similarities with them. To distinguish these samples, we refer to
them as the negative dataset, D, = {(xn, yn)|xn € Xn,yn € Cn)}
represents the constructed negative datasets, where X, denotes the
negative sample space and yp, is a negative label in the negative
source label set Cy,. To configure reliable negative data sets Dj,
the following properties must be satisfied. First, the center of the
negative distribution should lie between the most similar positive
categories, which may confine the source distribution within a
limited area, thereby weakening the generalization ability to obtain
samples with low uncertainty. Second, the pre-trained model must
maintain a balance between positive and negative samples to avoid
bias towards any dataset, with the decision boundary configured
for each source category (i.e. |Cs| = |Cpl).

The underlying hypothesis is that a high-quality target sample
x; will share some invariance and distinctiveness in features with
source samples of the same category. Consequently, G(x;) is ex-
pected to be close to the centroid of the positive distribution, where
G() denotes a feature extractor in target model and G(x;) denotes
the feature extraction of sample x;. In contrast, ambiguous samples
will fall outside the decision boundary and be classified as negative
categories. The level of noise in such samples correlates with their
proximity to the center of the negative distribution.

By compositing local parts from different source samples (as
shown in Fig. 3), we can create a feature combination consisting of
confusing categories, potentially falling in the latent space beyond
the decision boundary. To identify similar categories, we generate
a strongly-augmented sample x4 for each source sample xs. Gen-
erally, the model Mp trained only on normal source samples, will
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Figure 3: Random combinations of the source dataset [35]
versus negative samples generated by highly similar cate-
gory pairs in the confusion matrix. Clearly, the samples con-
structed using the latter strategy represent more meaningful
image information

predict incorrect labels for some x45. We classify the augmented
source samples using model M,. For category ys, the model may
misclassify some images from other categories as ys. Therefore, we
construct a confusion matrix to identify the category ¢ that has the
highest number of images misclassified as ys and form the negative
pair (ys, Js). These pairs allow us to configure a negative dataset be-
tween the most similar categories(see Fig. 3) and subsequently train
another pre-trained My with both positive and negative samples
to quantify the confidence of target samples.

3.2 Invariance Quantification

As described in Sec. 3.1, due to the domain change and the unsu-
pervised nature, target samples often contain noise and deviate
from the source centroid in the same categories. Since a reliable
target sample will be semantically similar to the sample with the
same label in the source domain and contain less noise, samples
with low invariance to the source category are more likely to be
misclassified and fall outside the decision boundary. Treating all
samples with equal confidence may degrade the model’s perfor-
mance. Therefore, inspired by [29], we propose a novel method to
estimate the confidence of unsupervised samples to overcome the
mentioned challenges, which is based on the pre-trained model My
and its probability outputs y;.

To estimate confidence, we dig into the misclassified samples
from the pre-trained model. We observe that a sample composed
of features from multiple categories will have a large Euclidean
distance from the source center, indicating great variance to the
category it belongs to and making it challenging even for humans
to distinguish. These images are more likely to be classified into
the negative class dataset by the M), while reliable samples will
be correctly classified. Accordingly, we assign weights to all target
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samples based on both the confidence of positive categories and
the uncertainty in negative probability as follows:
W(x;) = e—(Wn(xt)+Wp(xt)) (1)
where W, (x;) denotes the uncertainty of sample x; computed by
negative categories (variant part) and W, (x;) denotes the entropy of
positive categories (invariant part). To keep the weights stay within
the range of 0 to 1, we use an exponential function to regularize the
sum of the metrics. More specifically, we compute the W), (x;) as:

Gl i i
IS i logy

Wy (xt) = - log, [C;|

@

where |Cs| denotes the number of classes in source domain and
log, |Cs| denotes a normalization method for different |Cs|. Mean-
while, we evaluate W, (x;) as:

ICs|+ICnl
Y ®3)

Wa(xt) = =7 log(1-y7), y7
i=|Cs|+1

where |C,| denotes the number of classes in negative datasets,

and yp, represents the cumulative probabilities of the negative out-

put. As the value of y, increases, it indicates that the image is

characterized by more categories and exhibits greater variance

relative to the source category. Thus, W, (x;) penalizes samples

that shift beyond the decision boundaries, ensuring that they con-

tribute less to the training process. Now, we weight the standard
cross-entropy loss Lcg as:

1Cs]

Leg =Byex, |-W(xt) Z y; log y; 4)
7

3.3 Buffer Construction and Replay

One of the key challenges in our setting is detecting shared cate-
gories in Partial Domain Adaptation and handling unsupervised
target samples. This is crucial, as specific labels are essential for
experience replay in Class-Incremental Learning. To address this
challenge, we propose a detection approach based on the confidence
accumulation evaluated in Eq. (1), which integrates the majority
of the samples’ information. Let q; = G, (x;) denote the extracted
feature from the pre-trained model My and y; = o(q;) denote the
probability prediction.

We select the highest values from ¢y to assign pseudo-labels
to the sample and convert it into a weighted one-hot encoding

d(x;) = arg max g’; . By summing all the vectors, we can obtain a
ke|Cs|
denoised estimate for each category as:

o= ), Wn)sa) ke Cs

xeX;

®)

where vy denotes the count for the k-th class. By comparing v with
the threshold «, set by the buffer capacity, we can roughly estimate
whether a class is included in the training task. If vy < @, it indicates
that there are limited samples in class k, and it can be considered as
noise. Otherwise, class k is a shared class in both source and target
domains. Due to the presence of unlabeled samples, shared classes
may contain noise and can lead to misclassification. Therefore,
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the buffer for each category should be updated once it has been
constructed. The v computed in Eq. (5) will be recorded when the

class is initially identified and compared with the UZ computed in

the subsequent task b. If UZ > 02, we update the buffer for the k-th
class with target samples from the current task b. A higher value
of vy represents that there are more images classified into class k,
which suggests less noise.

As shared classes are identified, we refine pseudo-labels with a
self-supervised pseudo-labeling strategy [27]. First, we attain the

feature centroid for each identified class:
(0) er/\’t Yt - gt
L

ZxEX, Y

where ¢; = G (x;) denotes the feature extracted from target model
G. For each sample, we generate a pseudo-label via a nearest cen-
troid classifier:

(6)

() (7)

Yy = argmin D(d, ¢
k
where D is a distance function, typically measuring cosine similarity.
Then we repeat Eq. (6) and Eq. (7) for another iteration to obtain
an improved pseudo-label.

(1) ZXEX, I(9: = k) - gr N . ~ (1)
¢, = - ) = argmin D(dy, ¢ 8
P Zsz\’t (G = k) Yr gk (d: & ) 8

where I denotes the indicator function.

To mitigate catastrophic forgetting, we establish a memory buffer
to store images from detected shared classes. Due to buffer con-
straints, we can only store a limited number of images. Inspired
by iCaRL [37], let u be the feature centroid of class k by: py
E Y x,ep, G(xt), and m as the maximum number of exemplars that
can be stored for each class. The exemplar is chosen using the
following criteria:

1 i-1 3
y¥ = argmax ||y - ~[G(x) + ) GE)]I )
x; €Dy l j=1

where i iterates from 1 to m. During the iteration, an exemplar is
stored if the current feature centroid of exemplars has the closest
similarity to the centroid over all samples in the same class.

3.4 Overall Objective

We replay the stored images (in Sec. 3.3) to maintain the knowledge
learned from previous tasks. To alleviate domain shift in PDA, we
employ contrastive loss to facilitate domain alignment. To this
end, we attain the feature centroid for categories in the buffer and
current task. Then for all the sample in target domain, we optimize
InfoNCELoss [46] by:

exp(G(xt) - c4/7)
2ieDyuD, exp(G(xt) - ¢i/7)

where ¢, denotes the feature centroid of samples of same label, c;
denotes the centroid of different labels, and 7 denotes a temperature
factor. We use a weighted cross-entropy loss as:

Leon = _EJCEX, log (10)

ICp|

Lyank = Ex;ex, [-W(xe) - > pilogpil
i=1

(11)
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Table 1: Classification accuracy (%) of Office-Home. Our approach outperform prior methods in 12 experiments.

Method Office-Home

Ar—Cl  Ar—Pr Ar—Rw Cl—Ar Cl-Pr Cl-Rw Pr—Ar Pr—Cl Pr—»Rw Rw—Ar Rw—Cl Rw—Pr Avg
Resnet 47.2 67.8 82.9 58.2 64.8 71.2 55.9 41.9 69.0 65.2 44.6 713 61.7
Source Only 49.8 65.8 75.8 53.5 62.3 65.7 53.2 43.8 74.6 64.6 48.8 78.9 61.4
DANN [10] 33.1 40.0 45.8 36.8 36.6 44.1 32.0 29.8 49.8 42.4 40.2 55.2 40.5
PADA [3] 24.8 41.4 55.1 18.3 35.0 36.3 25.9 26.2 53.7 46.8 314 50.0 37.1
iCaRL [37] 14.6 20.5 14.6 10.3 19.7 14.6 11.2 213 14.5 11.0 15.6 21.6 15.8
FeCAM [11] 14.8 19.8 15.5 16.8 16.8 21.6 334 215 23.1 339 23.0 352 23.0
GPUE [29] 434 58.9 66.1 419 54.0 55.8 45.7 34.1 62.4 50.7 413 63.0 514
CIDA [23] 322 459 49.1 36.5 48.6 46.6 51.6 33.5 59.0 64.0 38.0 65.1 47.5
ProCA [28] 52.6 72.1 79.1 58.0 64.0 65.5 60.1 47.9 73.9 69.4 52.6 79.1 64.5
DIFO [42] 43.2 66.9 73.7 54.7 62.0 65.0 52.3 39.5 73.0 64.8 45.2 713 59.8
QSI (Ours) 59.1 81.1 85.6 63.8 75.5 75.1 63.6 50.4 85.6 74.8 59.0 88.2 71.8

Therefore, the overall loss function used is as follows,where
A1,A2,A3 are hyper-parameters.:

L=MLcE + A2Lcon + A3Lpank (12)

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our approach on three datasets, including
Office-31, Office-Home and DomainNet-126. Office-31 consists
of 31 categories across 3 different domains including Amazon (A),
DSLR (D) and Webcam (W). We divide each domain into six parts
with 5 categories, each subset can be regarded as an incremental
task in our experiments. Office-Home includes 65 classes of images
from 4 distinct domains including Art (Ar), Clipart (Cl), Product
(Pr), and Real World (Rw). We conduct experiments for 12 domain-
shifts by 6 disjoint subsets, each containing 10 categories, within a
single incremental setting. DomainNet-126 is a challenging large-
scale dataset with 7 invariant domains. Follow [38], we use 7 domain
adaptation tasks built form a subset containing 126 categories from
4 domains including Clipart (C), Painting (P), Sketch (S), Real (R)
to evaluate our method. Each adaptation consists of 6 incremental
task, each with 20 disjoint categories.

Implementation details. We employ the same ResNet50 [13]
models trained on the source domain as a feature extractor followed
by a classifier. For training process, we initialize the model with pre-
trained models’ parameters, and utilize the SGD optimizer with a
learning rate of 0.001. For hyper-parameters, we set Ay = 1, 12 = 0.1,
A3 =1, a = 15.

Baselines. We compare our proposed QSI with other prior meth-
ods in different fields within the same SFCIDA scenario. Addition-
ally, some existing methods are not applicable to the new scenario
we introduced, resulting in suboptimal performance. (1) Source
model only. The baseline models are evaluated directly on the tar-
get domain after training on the source domain; (2) Unsupervised
Domain Adaptation: DANN [10], PADA [3]. These models are no
longer evaluated in a standard DA scenario. Instead, we train the
models on multiple incremental tasks in a continual learning setting
and evaluate their performance on the overall target dataset after
training; (3) Source-Free Unsupervised Domain Adaptation: GPUE
[29], DIFO [42]. Similar to UDA methods, the performance is also
evaluated after training on multiple incremental tasks; (4) Class-
Incremental Learning: iCaRL [37], FeCAM [11]. Traditional CIL

3345

methods are not affected by domain shift during training. There-
fore, we first train a baseline model on the labeled source dataset.
Then, we divide the target domain into multiple incremental tasks
and continue training the target model, initialized from the source
model, using the aforementioned methods; (5) Class-Incremental
Domain Adaptation: CIDA [23], ProCA [28]. These methods are
not allowed to access source data during training.

4.2 Results

Office-31. In Tab. 2, we show results on 6 experiments by average
accuracy. We surpass the SOTA in 6 tasks under SFCIDA setting
with average accuracy increment over +4.9%. For some adaptations
with little domain shift like (D — W), UDA experiments can be
seen as a supervised tasks. Thus, DANN [10], ProCA [28] reach a
competitive accuracy. Although there are some easy tasks, we still
achieve the best overall performance.

Office-Home. As shown in Tab. 1, we perform 12 domain shifts
experiment under SFCIDA setting and report the accuracy of each
tasks and compute the mean over all adaptations. Some DA methods,
such as GPUE, lack of memory stability while CI methods like iCaRL
and FeCAM are ineffective in mitigating domain discrepancies. Both
of them perform poorly in the SFCIDA setting. We outperform the
SOTA in every experiments and a notable margin of +7.3% on
average, even though without source data during training.

DomainNet-126. We evaluate our approach and some recent

works under SFCIDA setting on 7 adaptation experiments of DomainNet-

126 in Tab. 3. Neither CI nor SFUDA methods are suitable for this
scenario. We achieve the highest accuracy on the average perfor-
mance and a improvement over +5.8%. For CIDA methods, we
outperform the SOTA by +10.2%. Due to the challenging nature
of DomainNet as a large-scale dataset, the results validates the
reliability of our model and its applicability to real-world scenarios.

4.3 Discussions

Average Accuracy and Forgetting Measure. The performance
of Class-Incremental Learning methods is typically estimated from
two aspects, overall performance at the current moment evaluated
by average accuracy (AA) and memory stability evaluated by for-
getting measure (FM). We report the AA and FM metrics in Fig.
4. Our method outperforms other approaches in every task, and
forgets least knowledge during the learning process. The FM metric
of DA method have a high value in subsequent tasks, indicating
the phenomenon of catastrophic forgetting. While CI method could
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Table 2: Final accuracy (%) of Office-31, where SF, DA, CI indicate Source-Free, Domain Adaptation and Class-Incremental
Learning respectively. The proposed approach achieve the highest accuracy compared to existing methods.

Method DA CI SF Office-31

A—-D A-W D—-A D-W W—-A W-D Avg
Source only X X X 656 63.6 58.9 95.3 65.3 99.0 74.6
DANN [10] VX X 749 72.5 55.7 96.6 51.4 977 748
PADA [3] AR S 56.9 61.5 12.5 82.4 46.7 84.3 57.4
iCaRL [37] X v X 65.2 59.5 30.9 60.1 29.9 46.9 48.8
FeCAM [11] X v X 72.3 74.1 30.9 77.3 36.9 69.1 60.1
GPUE [29] v X v 56.0 56.1 60.6 86.2 58.4 95.6 68.8
CIDA [23] v /X 70.4 64.5 48.1 95.1 52.7 98.8 71.6
ProCA [28] v / X 71.4 64.1 61.4 95.9 61.4 99.4 75.6
DIFO [42] v ox v 58.6 64.2 53.7 71.1 51.5 84.9 64.0
QSI (Ours) v /V /766 74.0 67.5 97.0 68.1 99.4 80.5

Table 3: Classification accuracy (%) of DomainNet-126 for 7 adaptation. SF, DA, CI indicates Source-Free, Domain Adaptation
and Class-Incremental Learning respectively. Our approach have the best performance over all methods in 7 experiments.

DomainNet-126

Method DA CI SF
etho R>C R—P PoC C—S S—P R—S PoR  Avg
Source Only X X X 56.6 61.9 58.2 50.4 493 46.2 73.6 56.6
FeCAM [11] X v X 15.6 14.3 9.56 13.2 14.6 12.7 29.4 15.6
GPUE [29] v X v 47.9 51.8 51.4 45.2 53.4 37.3 57.2 49.2
ProCA [28] v v X 56.9 56.8 58.1 44.1 33.6 41.7 73.9 52.2
QSI (Ours) v v / 64.3 64.2 67.2 54.1 57.3 52.2 77.5 624
T e = o O ! e Confusion Matrix for Negative Datasets As described in Sec.
1
% KN_E‘O_B‘G_&‘B 20 TR, e puoCh 3.2, some strongly augmented samples x,4 are misclassified by the

=
&

Average accuracy
=
15

Forgetting measure

Precision (%)

office-31,

office'Home DomainNet-126

Office-31

(© (d)

Office-Home DomainNet-126

Figure 4: We evaluate CI metrics on Office-Home (Ar— Pr)
and identification metrics for prototype labels on 3 datasets.
(a) Average accuracy (AA) of different methods in 6 incremen-
tal tasks. (b) Forgetting Measure (FM) of different methods in
6 incremental tasks. (c) Identification precision between our
method and ProCA in the PDA scenario. (d) Identification
recall on 3 datasets

not handle domain shift, resulting in a significant drop in classifica-
tion accuracy compared to DA methods. In contrast, our method
effectively preserves old knowledge and reduces the domain gap,
achieving the best performance.

source model My, and confusion matrices are then constructed
for each domain based on the predictions. These misclassifications
(Fig.5) provide sufficient information to construct negative pairs
(ys, ys) for each category ys. For each row in the confusion matrix,
corresponding to a different ys, the column with the highest number
of misclassified images is selected as ys to form the negative pair.
Confidence Accumulation. An essential challenge in Unsu-
pervised Partial Domain Adaptation is the identification of shared
classes, where the target label set is a subset of the source label set.
We compare our identification strategy with the method in ProCA
[28] on three datasets in Fig. 4. Two metrics are employed to assess
the performance: 1) Recall: The percentage of correctly detected
categories out of the total correct categories. 2) Precision: The per-
centage of correctly detected categories out of the total detected
categories. Fig. 4 shows that our approach outperforms prior works
with a notable margin in precision among all datasets. Although,
ProCA reach a higher results in recall, the low precision indicates
that the ability to filter out correct labels is relatively weak, and
just simply selects labels widely without distinguishing them.
Semantic Restructuring. Fig. 6 visualizes the positioning of
samples in the feature space after being constructed by Semantic
Restructuring, with source dataset represented in blue and negative
dataset depicted in red. Obviously, the constructed samples fill in
the latent space (i.e. the feature regions that are challenging for
image classification) among source categories(As shown in Fig. 6, a
comparison between sub-figure (a) and sub-figure (b)). By training
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(a) Art (b) Clipart

(c) Product (d) Real World

Figure 5: In the Office-Home dataset, the confusion matrices
are obtained by feeding augmented samples from each do-
main into the corresponding model. Brighter colors outside
the diagonal indicate higher misclassification counts.

Table 4: Ablation studies of our modules on Office-Home.
The first row is backbone. The second row is label refinement
in Sec. 3.3. The third row is Invariance Quantification in Sec.
3.2. The fourth and fifth rows are cross entropy in memory
buffer and contrastive loss respectively, both in Sec. 3.3.

Lcg  Label Refinement  Invariance Quantification  Lpguk  Leon  Avg. acc.

61.7
63.6
66.4
69.0
71.8

ANENENENEN
ANENENENEW
A NENENEVEW
NN X X %
R

with both source and negative datasets, the model is capable of clus-
tering categories within the latent space, proposing a clear metric
(Eq. (3)) to measure the positions beyond the decision boundaries.

Ablation Study. We show the results of our ablation study
on the Office-Home in Tab. 4 to estimate the effectiveness of our
modules. First, we utilize the ResNet50 model with pseudo-label
cross-entropy as the backbone. By refining the pseudo-labels, we
improve the accuracy by +1.9% . Next, we apply our weighting
strategy to the classification loss, which further boosts the accuracy
by +2.8%. To alleviate catastrophic forgetting, we modify the total
loss function to include a weighted cross entropy for stored images,
leading to an additional increase in accuracy of +2.6% . Finally, by
employing a contrastive loss to amplify category gaps, we achieve
the highest accuracy of 71.8%.
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Figure 6: We present a visualization of the feature space in
the source domain (Art) of Office-Home. (a) Only the source
samples in the feature space of model M. (b) Both the source
and negative samples in the feature space of model M,. (c)
Both the source and negative samples in the feature space of
model M,,.

Table 5: Classification accuracy (%) of different methods with
or without our weighting strategy on Office-Home

without weight ~ with weight
ProCA [28] 64.5 68.2
QSI (Ours) 70.4 71.8

Weighting Strategy. Unsupervised scenarios often bring a sig-
nificant amount of noise to the samples. To this end, we introduce
a weighting strategy to denoise and sift high-quality samples. We
integrated our strategies into different methods and compared the
model’s performance before and after the integration, as shown in
Tab. 5. Compared to the original method’s accuracy, our strategy
significantly enhances the model’s performance by +3.7% in ProCA
[28] and by +1.4% in ours.

5 Conclusion

We have introduced a novel approach to address a practical sce-
nario called Source-Free Class Incremental Domain Adaptation
(SFCIDA). In our proposed method, we employ a novel Semantic
Restruction strategy to build a negative dataset, which is essential
for configuring decision boundaries. Based on the model trained on
both positive and negative datasets, we conduct Invariance Quan-
tification strategy to extract samples’ confidence from the model’s
output and assign weights to the samples, which are then applied
throughout the training process. Despite the absence of source
data, we successfully mitigated catastrophic forgetting and domain
gap simultaneously. Experiments on three datasets show that our
method significantly outperforms prior approaches, demonstrating
its robustness and effectiveness.
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