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Abstract

Unsupervised domain adaptation aims to transfer
knowledge from a fully-labeled source domain to an un-
labeled target domain. However, in real-world scenarios,
providing abundant labeled data even in the source domain
can be infeasible due to the difficulty and high expense of
annotation. To address this issue, recent works consider the
Few-shot Unsupervised Domain Adaptation (FUDA) where
only a few source samples are labeled, and conduct knowl-
edge transfer via self-supervised learning methods. Yet ex-
isting methods generally overlook that the sparse label set-
ting hinders learning reliable source knowledge for trans-
fer. Additionally, the learning difficulty difference in tar-
get samples is different but ignored, leaving hard target
samples poorly classified. To tackle both deficiencies, in
this paper, we propose a novel Confidence-based Visual
Dispersal Transfer learning method (C-VisDiT) for FUDA.
Specifically, C-VisDiT consists of a cross-domain visual dis-
persal strategy that transfers only high-confidence source
knowledge for model adaptation and an intra-domain vi-
sual dispersal strategy that guides the learning of hard tar-
get samples with easy ones. We conduct extensive exper-
iments on Office-31, Office-Home, VisDA-C, and Domain-
Net benchmark datasets and the results demonstrate that
the proposed C-VisDiT significantly outperforms state-of-
the-art FUDA methods. Our code is available at ht tps :
//github.com/Bostoncake/C-VisDiT.

1. Introduction

Deep learning has achieved considerably high perfor-
mance in various computer vision tasks, such as instance
recognition [13, 51], semantic segmentation [23, 21, 2], and

*Corresponding author.

object detection [32, 6, 22]. Despite the remarkable suc-
cess, well-tuned deep models usually suffer from dramatic
performance drops when being applied in real-world sce-
narios because of the domain gap issue [38, 39, 54, 44],
i.e. the shift between the learnt distribution and the testing
distribution. To cope with such performance degradation,
researchers have been dedicated to unsupervised domain
adaptation (UDA) [23, 9, 39, 25] aiming at transferring the
learned knowledge from a labeled source domain to another
unlabeled target domain.

Though being promising, UDA assumes that a fully-
annotated source domain can be conveniently accessed for
training. However, in some real-world scenarios, such an
assumption is violated, ending up with sparsely labeled
source data. For example, in the field of chip defect de-
tection, it is unrealistic to perfectly annotate massive defect
data in the source domain, due to the strict quality regula-
tion and high expense of annotation [7, 15]. In the med-
ical industry, the high cost and difficulty of labeling also
prohibit providing sufficient labeled source data [42, 53].
Therefore, how to realize UDA with sparsely labeled source
data becomes appealing and has attracted increasing atten-
tion [17, 50, 1, 31].

Recently, researchers address this issue by considering
the Few-shot Unsupervised Domain Adaptation (FUDA),
where only a few source samples are labeled. Compared
with UDA, FUDA is more challenging due to the insuffi-
ciency of the source knowledge. With only a few labeled
source samples, deep models are difficult to learn a dis-
criminative feature space to represent the complicated se-
mantic information, thus largely affecting the knowledge
transfer. And thus to compensate for the shortage of la-
beled source data, existing methods [17, 50] generally em-
ploy self-supervised learning strategies to mine the latent
correspondence between the source distribution and the tar-
get one. Specifically, Kim e al. [17] proposed a cross-
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Figure 1: We address the task of few-shot unsupervised domain
adaptation. Left: Existing FUDA methods utilize self-supervised
learning methods to implicitly align source and target domains
without considering the confidence of samples. Right: Our C-
VisDiT transfers knowledge from high-confidence source samples
and high-confidence target samples to enhance model adaptation.

domain self-supervised learning method (CDS) to derive
features that are not only domain-invariant but also class-
discriminative for the target domain. Yue et al. [50] further
enhanced the adaptation with an end-to-end prototypical
cross-domain self-supervised learning method (PCS) which
achieves the state-of-the-art performance.

Despite great progress, existing self-supervised FUDA
methods transfer knowledge from all visible samples with-
out considering the discrimination of their individual con-
fidence towards model adaptation, which exhibits two in-
herent weaknesses. First, existing methods generally align
target features with all source features including unlabeled
ones. Although having performance gains, such a strategy
discards that the sparse label setting of FUDA inevitably
introduces large noise, resulting in the confidence inconsis-
tency among source samples and thus transfering unreliable
knowledge. Second, existing methods generally feed all tar-
get data into the self-supervised learning modules, assum-
ing that the model optimizes equally on each target sample.
However, difficult target samples, often presented as sam-
ples with low prediction confidence, are not well-learned
during the adaptation.

To tackle those issues, in this paper, we propose a
novel Confidence-based Visual Dispersal Transfer learning
method (C-VisDiT) for FUDA, aiming to comprehensively
consider the different importance of each sample based on
its confidence, as illustrated in Fig. 1. Considering the huge
difficulty of learning a neat representation with very few
labeled source samples, we propose to disperse the knowl-
edge directly at the visual' level. Specifically, for the source
domain, we introduce a cross-domain visual dispersal to en-
hance the knowledge transfer from high-confidence source
samples to unlabeled target ones. Without the disturbance
of unreliable low-confidence source knowledge, our cross-
domain visual dispersal can achieve more reliable cross-
domain knowledge transfer. Besides, we perform an intra-

"Here we refer to “visual” as the raw RGB image information.

domain visual dispersal between samples of different learn-
ing difficulties for the target domain, aiming to guide the
learning of hard target samples by the easy ones. In con-
trast to existing methods, our intra-domain visual dispersal
can diminish the learning disparity between target samples
of different learning difficulties, thus boosting the model
adaptation.

We emphasize that the core contribution of our C-VisDiT
is the confidence-based strategies, motivated by the idea
that samples with low prediction confidence greatly harm
the training in the label-scarse scenario of FUDA. Although
we conduct visual dispersal via MixUp [52], we show that
our C-VisDiT and its variants can greatly outperform their
vanilla MixUp-based alternatives which completely dis-
card the confidence of samples, well confirming the impor-
tance of the proposed confidence-based transfer learning for
FUDA.

To summarize, our contributions are three-fold:

* We propose a confidence-based visual dispersal trans-
fer learning method (C-VisDiT) for FUDA, which si-
multaneously takes the reliability of the source sam-
ples and the learning difficulty of the target samples
into consideration.

* We introduce a cross-domain visual dispersal to avoid
the negative impact of source knowledge with low con-
fidence. An intra-domain visual dispersal is also em-
ployed to boost the learning of hard unlabeled target
samples with the guidance of easy ones.

* We conduct extensive experiments on four pop-
ular benchmark datasets for FUDA, i.e., Office-
31 [33], Office-home [41], VisDA-C [28], and Do-
mainNet [27]. Experiment results show that our
C-VisDiT consistently outperforms existing methods
with a significant margin, establishing new state-of-
the-art results for all datasets. That well demonstrate
the effectiveness and superiority of our method.

2. Related Work

Unsupervised Domain Adaptation (UDA). UDA aims
to transfer the knowledge from a fully labeled source do-
main to an unlabeled target domain. Most UDA methods
tend to learn domain-invariant feature representations. Ear-
lier works in UDA aim to optimize feature extractors explic-
itly by domain divergence minimization [11, 24, 26, 56, 37],
adversarial domain classifier confusion [39, 14, 25], or
cross-domain data reconstruction [10, 5]. Recent works fo-
cus on the domain mapping [36, 19, 4], which translates the
source domain images to the target domain via conditional
generative adversarial networks [55, 49, 18]. Existing UDA
methods utilize the abundant labeled source data, which is
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not well satisfied in some practical scenarios, like chip de-
fect detection [7] and medical image segmentation [29].

Although designed for FUDA, our method can be
adopted to the UDA problem. Empirical analysis show
that the proposed confidence-based strategy can achieve
slight improvements over baseline models. This is reason-
able because the abundant source annotations can substan-
tially guarantee the reliability of knowledge transfer, which,
however, does not hold in FUDA. Therefore, we advocate
thoughtfully managing each sample for both the source do-
main and the target domain, making our C-VisDiT possess
a distinctive edge for FUDA.

Few-shot Unsupervised Domain Adaptation (FUDA).
FUDA transfers knowledge from a sparsely labeled source
domain to an unlabeled target domain. Existing methods
implicitly align the source and the target domains with self-
supervised learning. Kim et al. [17] and Rakshit et al. [31]
utilized an instance-level self-supervised contrastive learn-
ing for representation learning. As the instance-level train-
ing is sensitive to outliers, Yue et al. [50] utilized the self-
supervised learning via class prototypes to enhance model
performance and robustness. Despite the effectiveness, ex-
isting methods generally discard the confidence of different
samples, leading to sub-optimal adaptation. Therefore, we
propose a novel confidence-based transfer learning method
to mitigate such weakness.

MixUp in UDA. MixUp [52] is an augmentation strat-
egy where linearly interpolated samples are introduced for
training. MixUp has been extensively explored in UDA. For
example, Wu et al. [45] and Xu et al. [46] utilize MixUp
to create complex samples for adversarial learning. Yan et
al. [48] and Ding et al. [8] directly conduct the MixUp reg-
ularization along with the model training process to further
boost model performance. In the FUDA task, to the best
of our knowledge, no previous work has applied MixUp,
mainly because the severely sparse annotation (e.g., 1-shot)
prohibits providing reliable samples for adaptation, thus
harming the capability of MixUp. In our work, we show
that with the proposed confidence-based strategy, we can
conveniently regain the power of MixUp for FUDA, es-
tablishing new state-of-the-art performance on all standard
benchmarks for FUDA.

3. Methodology
3.1. Preliminary

We explore the problem of FUDA in which there are
two data domains with different data distributions. As for
the source domain, we have sparsely labeled source data

Dis = {(X§57 yt) }ivzll and the remaining unlabeled source

data Dys = { (x?s)}f\i‘f, where N, > Ni,. For the target
domain, only unlabeled data D,,; = {(xft)}f\;f are pro-

vided. Following previous works [17, 50], we focus on the

classification task, where D;,, D, and D,; are all visible
during the model training process.

3.2. Baseline Model

We first introduce a generic solution as our baseline
model. Specifically, following [17, 50], for a given image x,
we leverage a convolutional neural network (CNN), denoted
as F'(-), to extract its feature. A softmax layer, denoted as
o(+), is employed as the classifier to predict the semantic
distribution p(y|x). The forward process can be formulated
as follows:

pylx) = 6(F(x)) = [p1,p2; -+ ] (1)

where c is the number of different categories.
During training, for the labeled source data, we employ
the standard cross-entropy objective Lo g:

Nis

Los =Y Lorp(yy X)), y)) @)
i

For the unlabeled target data, following [20], we utilize
the mutual information maximization objective to encour-
age individually certain and globally diverse predictions:

Nut

Nyt
Larr = —H <Z<p<y|x?;t>>> e S M)

3)
where the entropy metric H(p(y|x)) = >_:_, pi log p;.

In order to enhance the cross-domain feature alignment,
we further adopt the prototypical self-supervised learning
method [50] to optimize the whole network. We denote it
as Lgery and leave its details to [50] due to the page limit.

Finally, the overall learning objective of the baseline
model can be derived as:

Liasetine = Lets + A1 - Lt + Asery - Loty (4)

where Aprr and A ¢ are two hyper-parameters.

3.3. Cross-domain Visual Dispersal (X-VD)

Transferring knowledge from the source domain to the
unlabeled target domain in FUDA is notably difficult, due
to the sparsely labeled source data. As we observe, in the
Clipart-to-Art task with 3% labeled source on the Office-
Home [41] dataset, existing state-of-the-art methods, i.e.,
CDS [17] and PCS [50], only achieve 38.7% and 45.5%
classification accuracy on the unlabeled source dataset,
i.e., D,s, respectively. This indicates that involving D,
for knowledge transfer inevitably introduces noise to the
model adaptation. As a result, simply conducting the self-
supervised contrastive learning with these unreliable source
samples as in [17, 50] unavoidably leads target samples to
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Figure 2: An overview of the proposed C-VisDiT method. X-VD and I-VD strategies are performed across and within domains, re-
spectively, via visual dispersal. We carefully consider the confidence of samples, ending up with a cross-blending dataset DX and an

intra-mixing dataset D". Best viewed in color.

be aligned to inappropriate source semantics, thus affect-
ing target classification performance. Therefore, to remedy
such an issue, we propose a cross-domain visual dispersal
(X-VD) strategy to enhance the knowledge transfer by con-
centrating on the high-confidence source samples.

Nearest Source Matching. We aim to transfer knowl-
edge from source samples that are highly correlated with
the target samples. For each target sample, we perform a
nearest sample matching to associate it with its most simi-
lar labeled source sample. Specifically, we first calculate a
score matrix M = {m;;}n,,xn,. in each training epoch.
m;; is the confidence score for a pair of samples (x¥*, xé-s),
which is defined by the Euclidean distance between the cor-
responding features:

mij = | F(x}*) = F(x5)|l2 (5)
Then we derive the nearest source sample for each target
sample by finding the column index j; of the minimum m;;
in each row of M:

ji = arg mjin(mij)

(6)

With the index j;, we can then locate the nearest la-
beled source sample for unlabeled target samples, form-
ing a high-confidence source dataset, denoted by D, ;s

{(X;LH—IS )}NW.
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(Xgu—ls
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High-confidence Target Sampling. To reduce the im-
pact of mismatched sample pairs which have different se-
mantics, we leave out those unreliable target samples and
focus on those with high-confidence. Specifically, we set
X as the fixed ratio of high-confidence target samples and
find the corresponding indices of Nx = rX N, target sam-
ples with the lowest entropy, formulated as:

(x5, y2%) )

Oconf = arg TOpK(_H(X;LtL NX) ®)
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where the function arg TopK(+, -) returns the indices of Nx
largest elements of —# (x!*). Then, the high-confidence

(]
target set D" and its corresponding nearest labeled

conf

source sample set D, ", . are:
ch;tmf = H(i € Oconf)Dut ©)
DM, = 1(i € Ocons)Dutets

Cross-domain Knowledge Transferring via Visual
Dispersal. We utilize the MixUp augmentation [52] to cre-

ate a cross-blending dataset DX = {(x¥, yX)} ¥ :
Xz( — 5)—(?15 + (1 _ B))—cgtel(s (10)
i =Byt + (1= B)ytr

where y'* = argmax; p(y|X}"*); is the one-hot pseudo la-
bel for % € D™ and y¥*+1s is the one-hot ground-truth
of Xl ¢ D" 3 ~ Beta(, @) is sampled from
a beta distribution. As a result, the source knowledge can
be well dispersed to the target domain at the visual level,
rather than from the latent representation level in CDS [17]
and PCS [50].

Then, our cross-domain visual dispersal loss can be for-

mulated with the cross-entropy loss Lo g:

Lxvo= Y Loppylx)y)

(x,y)€DX

Y

Discussion. Cross-domain visual dispersal transfers
only high-confidence source knowledge to target domain,
reducing the disturbance of noisy supervisions. During the
transfer process, the nearest sample matching strategy in-
tends to match similar samples as pairs. Therefore, we can
regard each sample in DX as a fusion of two independent
samples from two similar semantic distributions, although
they belong to different domains. Benefited from the visual
dispersal, i.e., Eq. (10), the adaptation model can be encour-
aged to pull two samples with similar semantics but from
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Figure 3: Different target samples present different difficulties to
the model learning because of various differences, e.g., object size
and background information. Due to the guidance of intra-mixing
samples, I-VD gradually fixes the decision boundaries for the tar-
get domain, improving the adaptation on hard target samples.

different domains close to each other, realizing domain-
invariant feature learning. As a result, the domain gap can
be mitigated with a more reliable knowledge transfer.

3.4. Intra-domain Visual Dispersal (I-VD)

Hard samples widely exist during the model learning
process [30, 35, 47]. For example, in the Real World do-
main on the Office-Home dataset [41], samples with com-
plicated backgrounds and small objects are more likely
to have low-confidence probability distributions compared
with samples with only one object brimming the image, as
shown in Fig. 3. Therefore, applying the same learning met-
rics to all target samples without differentiation makes the
model overfit easy target samples, which results in decision
boundaries misclassifying hard samples. However, existing
methods [17, 50] usually ignore this phenomenon. To en-
hance the classification of hard target samples, we propose
an intra-domain visual dispersal (I-VD) strategy to guide
them with easy ones.

Confidence-based Target Domain Splitting. The
learning difficulty of a target sample is correlated to the
confidence of its predicted probability distribution, which
can be measured via entropy, as large prediction entropy
leads to uncertain model prediction [43]. To differentiate
these samples, we split the target samples into three groups
based on their prediction entropy. The number of samples in
each group is denoted as Ny = r%, Ny, No = rl; Ny, and
N3 = N, — N1 — N, respectively, controlled by hyper-
parameters ' and 7%, Specifically, the indices of samples
in three groups are derived as:

0]
01 = O[OZNl], 02

arg Sort(H (p(y|x;")))

, , 12)
O[NllN ], 03 = O[N :Nut]

where arg Sort(-) = [i1, 2, ,¢y] returns the indices that
would sort an array in ascending order and N = Nj + Nos.
Therefore, we define the easy target sample set DZ, and the

hard target sample set DXL as:

We exclude the O3 outlier samples DY, for training because
they are of high uncertainty and thus not trustworthy.

Intra-domain Sample Guidance via Visual Dispersal.
To guide the learning of hard target samples, we disperse
the easy target data at the visual level by leveraging the
MixUp strategy [52]. We find it helpful to add a small set
of high-confidence labeled source samples to the easy tar-
get samples which enlarges the easy sample set. For ease of
explanation, we denote the final training easy sample set by
TE = Dy, UDE, and denote the training hard sample set
by TH = DE. For each x7 € T, we choose a random
x¥ € T to guide its learning by conducting image-level
MixUp:

X

= 0%7 + (- B)x{
yi =Byl + (1 - By
where one-hot pseudo label y/ = arg maxy, p(y|x7)y, and

B ~ Beta(q, o) sampled from a beta distribution. For yf ,
we have:

JE = y° if xF e Dy,
J argmax p(y[X}), if XJ € D,

(14)

= 15)

With the transformations above, we construct an intra-
mixing dataset D' = {(x!,y})} 1|, where N; = |T,%{|. We
directly employ the cross-entropy loss to optimize the intra-
mixing samples:

Livo= > Leppylx),y) (16)

(x,y)eD!

Discussion. The constructed intra-mixing samples act
as guidance towards the learning of hard samples. As il-
lustrated in Fig. 3, our intra-mixing samples are located be-
tween the easy target samples and the hard ones. Through
learning on the probability distributions of the intra-mixing
samples, our model can reduce the undesirable prediction
oscillations between the easy samples and the hard ones, as
revealed in [52]. Due to the fact that model predictions on
easy samples are more consistent towards model optimiza-
tion [3], our model in turn enhances the learning of hard
samples, thus diminishing the learning disparity between
easy samples and hard ones. Therefore, our I-VD incisively
leads to better performance on hard target samples.

3.5. C-VisDiT for the FUDA Problem

Our C-VisDiT learning method mainly introduces cross-
domain and intra-domain visual dispersal strategies for the
FUDA problem. Together with the baseline training loss,
our final training objective is expressed by:

L = Lpaseline + Ax-vDLx-vp + ALvdLLvD 17
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Table 1: Adaptation accuracy (%) comparison on 1-shot / 3-shots labeled source per class on the Office-31 dataset.

Method | A-D AW DA DoW | WoA WD Avg

Source Only 313/49.0 | 19.6/43.3 | 41.3/55.7 | 58.7/81.8 | 39.9/49.8 | 61.9/81.7 | 42.1/60.2
MME [34] 215/51.0 | 12.2/54.6 | 23.1/60.2 | 60.9/89.7 | 14.0/52.3 | 62.4/91.4 | 323/66.5
CDAN [25] 11.2/43.7 | 62/50.1 | 9.1/65.1 | 54.8/91.6 | 104/57.0 | 41.6/89.8 | 22.2/66.2
MDDIA [16] | 45.0/62.9 | 54.5/65.4 | 55.6/67.9 | 84.4/93.3 | 53.4/70.3 | 79.5/932 | 62.1/75.5
CDS [17] 52.6/65.1 | 55.2/68.8 | 65.7/71.2 | 76.6/88.1 | 59.7/71.0 | 73.3/87.3 | 63.9/75.3
PCS [50] 60.2/782 | 69.8/82.9 | 76.1/76.4 | 90.6/94.1 | 71.2/76.3 | 91.8/96.0 | 76.6/84.0
C-VisDiT (Ours) | 74.1/82.7 | 72.3/86.0 | 75.7/76.5 | 93.2/95.0 | 76.4/76.9 | 94.2/97.0 | 81.0/85.7

Table 2: Adaptation accuracy (%) comparison on 3% and 6% labeled source samples per class on the Office-Home dataset.

Method ‘ 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
3% labeled source
Source Only 22.5 36.5 41.1 18.5 29.7 28.6 272 259 38.4 335 20.3 414 30.3
MME [34] 4.5 15.4 25.0 28.7 34.1 37.0 25.6 25.4 449 39.3 29.0 52.0 30.1
CDAN [25] 5.0 8.4 11.8 20.6 26.1 27.5 26.6 27.0 40.3 38.7 255 449 252
MDDIA [16] 21.7 37.3 42.8 29.4 439 442 371 29.5 51.0 47.1 29.2 56.4 39.1
CDS [17] 43.8 55.5 60.2 51.5 56.4 59.6 51.3 46.4 64.5 62.2 52.4 70.2 56.2
PCS [50] 42.1 61.5 63.9 52.3 61.5 61.4 58.0 47.6 73.9 66.0 52.5 75.6 59.7
C-VisDiT (Ours) 44.1 66.8 67.0 54.9 66.4 66.8 60.5 47.9 75.7 67.2 51.6 78.8 62.3
6% labeled source
Source Only 26.5 41.3 46.7 29.3 40.4 37.9 355 31.6 57.2 46.2 32.7 59.2 40.4
MME [34] 27.6 432 49.5 41.1 46.6 49.5 43.7 30.5 61.3 54.9 37.3 66.8 46.0
CDAN [25] 26.2 33.7 445 34.8 429 44.7 429 36.0 59.3 54.9 40.1 63.6 43.6
MDDIA [16] 25.1 44.5 51.9 35.6 46.7 50.3 483 37.1 64.5 58.2 36.9 68.4 50.3
CDS [17] 454 60.4 65.5 54.9 59.2 63.8 55.4 49.0 71.6 66.6 54.1 75.4 60.1
PCS [50] 46.1 65.7 69.2 57.1 64.7 66.2 61.4 479 75.2 67.0 539 76.6 62.6
C-VisDiT (Ours) 46.5 69.8 72.5 60.2 71.2 71.2 64.1 49.0 78.5 69.1 52.8 80.1 65.4

Table 3: Adaptation accuracy (%) comparison on 1% labeled
source samples per class on the VisDA-C dataset. “SO” denotes
training with only labeled source samples (Source Only).

Method‘ SO MME [34] CDAN [25] CDS [17] PCS [50] C-VisDiT
Acc. ‘ 42.6 69.4 61.5 69.4 79.0 80.5

Table 4: Adaptation accuracy (%) comparison on 1-shot and 3-
shots labeled source per class on the DomainNet dataset. “SO”
denotes training with only labeled source samples (Source Only).

Method‘ SO  MME [34] CDAN [25] CDS [17]
1-shot 13.1 17.5 14.6 215
3-shots 27.1 29.1 27.3 425
Method ‘ PCS [50] C-VisDiT BrAD [12] BrAD+C-VisDiT
1-shot 34.7 35.9 49.7 51.0
3-shots | 46.1 48.1 60.9 63.4

4. Experiments
4.1. Experimental Setting

Datasets. We evaluate our method on four widely-used
benchmark datasets for FUDA, i.e., Office-31 [33], Office-
Home [41], VisDA-C [28], and DomainNet [27], follow-
ing prior works [17, 50]. For Office-31, We conduct exper-
iments with 1-shot and 3-shots source labels per class. For
Office-home, we employ 3% and 6% labeled source images
per class. For VisDA-C, we validate our model with 1%
labeled source images per class. For DomainNet, we em-
ploy 1-shot and 3-shots source labels per class. Statistics of

benchmarks can be found in the supplementary materials.

For fair comparison, we implement our model following
PCS [50] and BrAD [12]. More implementation details are
provided in the supplementary materials.

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

We choose the baseline methods as PCS [50], including
MME [34], CDAN [25], MDDIA [16], and CDS [17]. Ex-
tensive experiments are conducted on the Office-31, Office-
Home, VisDA-C, and DomainNet datasets, with the corre-
sponding results in terms of classification accuracy reported
in Tab. 1, Tab. 2, Tab. 3, and Tab. 4, respectively. On the Do-
mainNet dataset, we also initialize the model backbone with
generalization weights pre-trained on four unlabeled do-
mains provided in BrAD [12], and then train the model with
our C-VisDiT method, denoted as BrAD+C-VisDiT. We can
observe that the proposed C-VisDiT can significantly out-
perform existing methods on all benchmarks. Specifically,
compared to the existing state-of-the-art method PCS, C-
VisDiT improves the classification accuracy on the Office-
31 dataset by 4.4% (1-shot) and 1.7% (3-shots). On the
Office-Home dataset, C-VisDiT achieves accuracy gains of
2.6% (3% labeled source) and 2.8% (6% labeled source).
On the VisDA-C dataset, C-VisDiT achieves a performance
improvement of 1.5%. On the DomainNet dataset, C-
VisDiT can achieve 1.2%/2.0% and 1.3%/2.5% accuracy
gain (1-shot/3-shots) compared to PCS and BrAD, respec-
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Table 5: Performance contribution of each component on the
Office-31 dataset in terms of adaptation accuracy (%).

Method | Lx.vp Livp | 1-shot/3-shots
PCS[50] | - - | 76.6/84.0
Baseline X X 77.6/83.8
C-VisDIT-X |/ x 79.2/84.9
C-VisDiTT | x i 78.8/85.0
C-VisDiT v v 81.0/85.7

Table 6: Adaptation accuracy for C-VisDiT-X with different
confidence-based strategies on the Office-31 dataset (%).

Method ‘ Unlabeled source ‘ 1-shot / 3-shots
Baseline | - | 77.6/838
. 100% 74.8/82.6
MixUp 0% (Ours) 78.6/84.5
100% 74.8/82.4
. 10% 76.1/83.8
C-VisDIT-X 1% 76.3 /842
0% (Ours) 79.2/84.9

tively. Looking into each adaptation setting inside both
datasets, our method can accomplish a maximum perfor-
mance improvement of 13.9% (1-shot setting in A—D on
the Office-31 dataset). These results show that the proposed
C-VisDiT establishes new state-of-the-art performance for
FUDA, well demonstrating its effectiveness. More results
and details can be found in the supplementary materials.

4.3. Model Analysis

In this section, we present the ablation studies of our pro-
posed C-VisDiT. We also give more investigations of our
X-VD and I-VD strategies. For the convenience of anal-
ysis, we construct two C-VisDiT variants, i.e., C-VisDiT-
X and C-VisDiT-], trained with X-VD and I-VD only, re-
spectively. More analysis, e.g. the hyper-parameter analy-
sis, can be found in the supplementary materials. Following
PCS [50], here we employ the Office-31 dataset to inspect
our model.

Ablation Studies. Here we investigate the effect of the
proposed X-VD and I-VD strategies in C-VisDiT. The re-
sults are reported in Tab. 5. We can see that all three C-
VisDiT variants can consistently outperform the baseline
model by a great margin. Meanwhile, compared with the
previous state-of-the-art method, i.e., PCS [50], both C-
VisDiT-X and C-VisDiT-I can achieve better results. As
a combination of X-VD and I-VD, C-VisDiT significantly
exceeds the PCS with a maximum performance improve-
ment of 4.4% (1-shot setting on the Office-31). These re-
sults show that our X-VD and I-VD strategies are effective
and complementary.

Superiority of Confidence-based Knowledge Trans-
fer in X-VD. The confidence-based strategies play a vital
role in the proposed X-VD. First, we demonstrate the ef-

Table 7: Adaptation accuracy of different target sample guidance
strategies for C-VisDiT-I on the Office-31 dataset (%).

Method | TE TH | 1-shot / 3-shots
Baseline ‘ - - ‘ 77.6/83.8
MixUp | Dt Dt | 7737839
DE, D uDG, 7771845
. DE DH (Ours) | 78.2/84.4
CVISDITL | o U DE (Ours) DEUDO, | 7837846
Dy, UDE (Ours) DE (Ours) | 78.8/85.0

fectiveness of our confidence-based strategies by validating
on the C-VisDiT-X variant. We directly conduct MixUp as
a compared baseline, in which for a given target sample, a
random source sample is selected for MixUp. As shown
in Tab. 6, MixUp with 100% unlabeled source samples per-
forms significantly worse than the baseline. This shows that
plainly conducting MixUp severely harms the performance.
However, when using only high-confidence knowledge with
0% unlabeled source, MixUp can easily outperform both
the baseline and the 100% unlabeled source variant. This
shows that MixUp is greatly restrained due to the massive
noise in FUDA setting and eliminating the noise is crucial
in the proposed X-VD. Furthermore, replacing MixUp (0%
unlabeled source) with our C-VisDiT-X achieves the best re-
sult, well demonstrating the effectiveness of our confidence-
based strategies. Therefore, the superiority of our X-VD
can largely attribute to the confidence-based knowledge
transfer, rather than the MixUp transformations.

Second, we investigate the impact of source knowledge
purity. We compare C-VisDiT-X performance by further in-
volving 100%, 10%, and 1% unlabeled source samples. As
shown in Tab. 6, limiting the source samples to only labeled
source samples (0% unlabeled source) gives the best per-
formance, while including 100%, 10%, and 1% unlabeled
source samples all lead to performance drops. This indi-
cates that the high purity of source knowledge is very help-
ful for the cross-domain knowledge transfer.

Necessity of Confidence-based Target Sample Guid-
ance in I-VD. To prove the necessity and superiority of our
I-VD strategy for model adaptation, we compare a series
of sample guidance strategies. First, we compare our pro-
posed I-VD with applying random MixUp on the entire tar-
get domain. As shown in Tab. 7, plainly conducting MixUp
barely changes target performance, while all our I-VD vari-
ants boosted performance. This shows that, although our
I-VD is based on MixUp, our confidence-based target sam-
ple guidance greatly improves target performance.

Furthermore, we dive into the designs of our confidence-
based strategies, and investigate how the choice of 7,5 and
TH affects target performance. Results show that both
adding confident labeled source samples D, to 7.7 and
excluding low-confidence target outliers DY, for T,/ lead
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Figure 4: Accuracy change of target samples with different learn-
ing difficulties in A—D (1-shot) on the Office-31 dataset.

Table 8: Effect of the confidence-based strategies in C-VisDiT on
the Office-31 dataset in terms of adaptation accuracy (%).

Implementation ‘ 1-shot / 3-shots

Baseline 77.6/83.8
Plain MixUp 75.1/83.0
C-VisDiT 81.0/85.7

to performance gains, and combining the strategies would
boost the performance even more, further demonstrating the
effectiveness of confidence target sample guidance.

Besides, we qualitatively show the guidance feature of
our I-VD strategy towards target samples with different
learning difficulties. As illustrated in Fig. 4, I-VD improves
adaptation accuracy on hard target samples and outliers dra-
matically. The slight accuracy loss on easy target samples is
due to the model overfitting these samples at the beginning.
This proves that I-VD is capable of enhancing the model
learning on target samples with consideration of their dif-
ferent learning difficulties.

Superiority of C-VisDiT over MixUp. Motivated by
the fact that samples with low prediction confidence com-
monly exist in FUDA, we propose the confidence-based
strategies to comprehensively consider sample confidence
during training. To prove the effectiveness of confidence-
based strategies more directly, we introduce plain MixUp
based on C-VisDiT, in which X-VD is substituted by
MixUp on a given target sample and a random source sam-
ple, and I-VD is substituted by random MixUp on all tar-
get samples. As shown in Tab. 8, plain MixUp underper-
forms the baseline model, while our C-VisDiT greatly out-
performs the baseline model, indicating that the proposed
confidence-based strategies are the dominant factor to the
superior performance. Therefore, our C-VisDiT is more
suitable for FUDA compared to vanilla MixUp.

Visualization results. To qualitatively analyze the ef-
fect of the proposed X-VD and I-VD, we visualize the im-
age features extracted by C-VisDiT-X and C-VisDiT-I via
t-SNE [40]. As shown in Fig. 5, compared to PCS [50], C-
VisDiT-X matches the target samples to the source samples
better and C-VisDiT-I produces better clusters. These ob-

servations support that our proposed method can construct
a better feature space for the model adaptation.

3 S »
(3 A N . Yoe-

. « R b . P * ) b -
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< . o . .
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Figure 5: t-SNE [40] visualization results of C-VisDiT-X and C-
VisDiT-I compared to PCS [50] in A—D (1-shot) setting on the
Office-31 dataset. Top row: represents target features and
Purple represents source features. Bottom row: different colors
represent different sample classes. Best viewed in color.

5. Conclusion

In this paper, we cope with Few-shot Unsupervised
Domain Adaptation (FUDA) in which only a small set
of source domain samples are labeled, while all sam-
ples in the target domain are unlabeled. We propose a
confidence-based novel visual dispersal transfer learning
method (C-VisDiT) that transfers knowledge only from
high-confidence samples to low-confidence samples via
cross-domain visual dispersal (X-VD) and intra-domain vi-
sual dispersal (I-VD). The proposed X-VD enhances cross-
domain knowledge transfer and mitigates the domain gap,
while the proposed I-VD guides the learning of hard target
samples and boosts the model adaptation. Extensive experi-
ments conducted on various domain adaptation benchmarks
show that our C-VisDiT outperforms existing methods, es-
tablishing new state-of-the-art performance for FUDA. In
the future, we plan to extend our method to semantic seg-
mentation, object detection, etc.
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