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Abstract. Source free domain adaptation (SFDA) aims to transfer the
model trained on labeled source domain to unlabeled target domain with-
out accessing source data. Recent SFDA methods predominantly rely
on self-training, which supervise the model with pseudo labels generated
from individual data samples. However, they often ignore the crucial data
structure information and sample relationships that are beneficial for
adaptive training. In this paper, we propose a novel hierarchical relation
distillation framework, establishing multi-level relations across samples
in an unsupervised manner, which fully exploits inherent data struc-
ture to guide sample training instead of using isolated pseudo labels.
We first distinguish source-like samples based on prediction reliability
during training, followed by an effort on distilling knowledge to those
target-specific ones by transferring both local clustering relation and
global semantic relation. Specifically, we leverage the affinity with near-
est neighborhood samples for local relation and consider the similarity to
category-wise Gaussian Mixtures for global relation, offering complemen-
tary supervision to facilitate student learning. To validate our approach’s
effectiveness, we conduct extensive experiments on diverse benchmarks,
achieving better performance compared to previous methods.

Keywords: Source Free Domain Adaptation - Relation Distillation -
Knowledge Transfer

1 Introduction

Deep neural network (DNN) models have achieved remarkable success in vari-
ous visual recognition tasks. However, even very large DNN models often suf-
fer significant performance degradation when there is a distribution or domain
shift |28] between training (source) and testing (target) domains. To address
the problem of domain shifts, various Unsupervised Domain Adaptation (UDA)
algorithms [1,/5,/22,/31] have been developed, which aim to transfer the knowl-
edge from labeled source domain to the unlabeled target domain. Due to data
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Fig.1: (a) Traditional knowledge distillation transfers the individual output logit of
isolated sample from teacher to student. (b) Our relation distillation integrates struc-
tural relations of overall dataset as supervision for student learning.

privacy concerns, more recent methods focus on Source Free Domain Adapta-
tion (SFDA) [4,/17L[40], which is a more practical setting. Under this setting, the
labeled source data is not accessible any more when training the target model,
but only the pre-trained model from the source domain is provided.

Recently, several SFDA methods [12,[15,|18H20L|37}38}/43,/45] have been pro-
posed, focusing on mutual information maximization [19], self-training [14}20],
auxiliary self-supervised tasks [2,|3,/45] and so on. Among them, self-training
methods have emerged as a promising solution for SFDA, which generate pseudo
labels to supervise model training for target data. However, the performance of
self-training can suffer from noise due to domain shifts. Since the pseudo labels
are always generated from the model prediction of individual sample, lacking
consideration of intrinsic data structure, the optimization of the source-trained
model is then degraded to entropy minimization [18|, where the updated model
can achieve high confident but wrong predictions on account of pseudo label
noise. Several works [12]/3545] propose to divide the samples into different sets
and process them separately, however, they ignore the relation between sample
sets, missing to exploit the reliable information from those confident samples.

In this paper, we identify the above limitations and propose a novel hierar-
chical relation distillation (HRD) framework that rectifies feature learning by
harnessing the intrinsic data structure, in the meanwhile exploiting different
properties including local and global relations across samples with varying reli-
ability. Specifically, we first divide the target samples into two pseudo domains,
named as the source-like set and target-specific set, employing a class-balanced
division strategy that accentuates the former’s heightened prediction reliability
with the source model. Given the absence of accessible ground truth labels, we
intend to construct relations between the two pseudo domains unsupervisedly,
and then distill the reliable structural knowledge to facilitate the sample train-
ing and model adaptation with a teacher-student scheme. In order to enable
the modeling of longer range and broader structure information, we introduce
a memory bank to store the output features and logits of target data, enabling
hierarchical relationship establishment spanning both local and global contexts.
Finally, the two relation distillation branches are merged through an adaptive
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ensemble strategy, regularized by a reliability-aware weighting coefficient, thus
to fully utilize the information from different properties.

The core idea lies in exploiting the inherent relations across samples to fa-
cilitate sample training in a more robust manner and transfer knowledge from
those well-learnt samples to the other ones, i.e., from source-like set to target-
specific set. Specifically, we introduce two pivotal constructs: local clustering
relation and global semantic relation. Since visually similar samples are closer
than dissimilar ones in feature space, we propose to leverage the information
of local context to facilitate the cultivation of sample learning. Concretely, we
calculate local affinity with the top-K nearest source-like neighbors and regard
these reliable neighbor predictions as soft labels, leading to the local clustering
relation, which also enforces aligned representations in the neighborhood. As for
the global semantic relation, we dynamically build Gaussian Mixtures to repre-
sent the distribution of each specific category, utilizing source-like samples as the
centroids of different Gaussian mixtures. On this basis, it enables us to establish
semantic relation by measuring the relative similarity to each class-wise mixture
for the given sample, thus to facilitate model adaptation from a global probabilis-
tic perspective. Overall, the former relation focuses on local spatial alignment
and the latter attends to global semantic distribution, offering complementary
supervision to improve sample training.

Finally, we conduct comprehensive experiments on several popular SFDA
benchmarks, including Office-31 [29], Office-Home [33], VisDA-2017 [26] and Do-
mainNet [25]. The results demonstrate that the proposed HRD achieves superior
performance against comparable state-of-the-art SFDA methods, in the mean-
while exhibiting compatibility with the recent strong baselines [19,38]. Addition-
ally, the ablation studies validate the effectiveness of individual components of
our framework for model adaptation. In summary, our contributions are:

1. We propose a novel perspective for source free domain adaptation from the
view of relation distillation, exploiting data structure information and sample
relationships to facilitate the adaptation in target domain.

2. We establish the hierarchical relations among samples unsupervisedly,
proposing local clustering relation and global semantic relation. We also em-
ploy an effective adaptive ensemble strategy to regularize these two branches.

3. The experimental results demonstrate that our approach outperforms ex-
isting SFDA methods on several datasets.

2 Related Work

2.1 Source Free Domain Adaptation

SFDA aims to transfer the model from source domain to target domain with-
out accessing source data. Recently, several approaches [4,[12}/18-20}24,38-40|
have been proposed for SFDA. Specifically, SHOT [19] utilizes a prototype-
based method to obtain pseudo label for self-training. However, pseudo labels
generated at the early training stage can be noisy, and several works propose
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different strategies to refine the pseudo labels. GPUE [20] proposes to guide
pseudo label learning by combining with uncertainty estimation. G-SFDA [37|
and NRC [39] follow a similar strategy by encouraging consistent predictions be-
tween the neighborhood samples. In addition, DaC [45] considers sample division
and takes different strategies for the two subsets, e.g. generating different con-
trastive positive pairs for each sample. Although great success has been made,
the crucial target data structure and sample relationships are not fully exploited
in these works. To this end, we propose to rectify label noise by integrating
local and global data structure without any rigorous and expensive pseudo la-
bel refinement technique, in the meanwhile utilizing relation distillation to mine
reliable information and bring benefits for the unreliable data learning.

2.2 Knowledge Distillation

Knowledge distillation [6}91/46] aims to transfer knowledge from a teacher model
to a student model. By leveraging knowledge distillation, the student model could
learn implicit knowledge by incorporating an extra objective of the teacher’s
outputs so as to gain better performance. Recently, some works [41}42] have
demonstrated that distilling models of identical architecture in a teacher-student
scheme, i.e., self-distillation, can further improve the performance of neural net-
work. Specifically, they use the semantically meaningful probability distribution
produced by the teacher model to supervise the learning of the student model.
However, since the outputs of the teacher model are only based on processing the
isolated sample, the noise of the prediction logits may lead to wrong optimiza-
tion direction. Therefore, we explore to consider a broader view by making use of
data structure and sample relationships to obtain more appropriate probability
distribution for unlabeled target samples, as depicted in Fig. [1l In this way, the
distillation is no longer based on single instance, but based on the correlation of
target samples, leading to more reliable and robust supervision for student.

3 Method

3.1 Preliminary

In the domain adaptation setting, a labeled source domain dataset and an un-
labeled target domain dataset are provided, with the aim to learn an adap-
tive model transferred from source to target. Concretely, the source dataset
Ds = {(=5, yj)}f\;l contains Ny labeled samples distributed over C' classes. Here,
y; € Y C RY denotes the one-hot ground-truth label for sample 2$. The model
¢ = fog can be regarded as the combination of a feature extractor f and a clas-
sifier g, where f :  — RP maps the input image to a D-dimensional feature and
g :RP — RC further maps it to a C-dimensional category probability vector.
In this paper, we focus on SFDA problem where the data in Dy is unavailable
while only the pre-trained source model ¢ is available. The target domain dataset
is denoted as Dy = {(act)}Ail containing Ny unlabeled samples, which shares the

K 7
same label set ) as Ds.
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Fig. 2: Overview of the proposed hierarchical relation distillation (HRD) framework.

3.2 Framework Overview

The overall framework of our proposed method is illustrated in Fig. 2] Following
the popular teacher-student paradigm, our proposed hierarchical relation distil-
lation framework adopts a pair of teacher model ¢; and student model ¢5 with
exactly the same network architecture. In each training iteration, the original
and weak-augmented target samples are fed to the teacher and student, respec-
tively. Considering that the individual pseudo label directly and simply from the
teacher model contains noise and may lead to wrong optimization directions, we
intend to include more robust and reliable supervision from the teacher.

Since samples sharing visual similarity tend to belong to the same semantic
class, we propose to explicitly leverage the target data structure and the relation-
ship among samples to alleviate the sample training. Specifically, we implement
the teacher model with a memory bank, which stores the features and predicted
logits of all target samples. On this basis, we conduct class-balanced sample di-
vision, dividing the target samples into the source-like set and target-specific set.
After the division, we establish local clustering relation and global semantic rela-
tion between the two sets, so as to distill the hierarchical and reliable structural
knowledge to student. Further, we introduce a simple yet effective re-weighting
scheme to ensemble the two distillation branches, which assigns adaptive regular-
ization for each branch and each sample. Finally, the parameters of the student
are updated by back-propagation, while the parameters of the teacher model are
the exponential moving average of the student.

3.3 Hierarchical Relation Distillation

Class-Balanced Sample Division. To begin with, we will describe the pro-
cess of dataset division, through which we intend to distinguish samples that
are learnt well and not that well with source model. In general, the accuracy
of sample can be strongly related to prediction confidence , therefore, we
take advantage of the prediction confidence as a measurement. Intuitively, when
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processed by source model, the samples that have confident predictions exhibit
higher certainty and can be regarded as more similar to source domain distribu-
tion. In this way, we can divide the samples into two pseudo domains according to
prediction reliability. Besides, the learning effect can also be various for different
categories, therefore, the division principle should be related to different classes
so as to reflect the class-level learning status. Moreover, the threshold should be
increasing steadily as the model is continuously improved during training.

To this end, we propose a class-balanced division strategy based on the pre-
diction confidence, in the meanwhile implemented with an adaptive threshold
to be fit with different learning stages and different categories. Concretely, the
samples are dynamically grouped into the source-like set by threshold 7. for the
c-th category, and then forming the source-like set D,. and target-specific set D,,:

D, (¢) = {zi|max(p;) > 7c,x; € O(c)}

(1)
D"” = UiC:IDT(C)v Du = Dt/Dr

where p; is a C-dimensional vector from the teacher classifier output, O(c) =
{zs|largmaz(p;) = ¢, z; € D;} contains samples that have the highest prediction
score on class ¢, and 7. = m inEO(c) pS$ is a class-balanced threshold value
to filter samples without fine-tuning.

Local Clustering Relation. After feature extraction, similar samples are more
likely to have similar features and lead to clustering in the feature space, there-
fore, we propose to incorporate information of the neighboring target samples
to estimate the local distribution that are more robust against domain shifts.
The local distribution can be obtained by considering the relation with reliable
neighbors for the anchor sample, so as to transfer the local structural information
from teacher to student.

Specifically, given anchor sample x;, we first calculate its local affinity to
the reliable neighborhood samples. Suppose that K nearest samples for x; are
selected from the source-like set, we can obtain a K-dimensional affinity vector
based on the cosine distance between the anchor sample and the neighborhood
samples. The affinity vector reflects the similarity among other samples for z; in
the local region, where the more similar sample is assigned higher affinity and
vice versa. In formulation, this K-dimensional normalized affinity vector can be
written as:

R T cos(f(zs), f(z;))
A= lovol e > oken cos(f (i), f(zn)) @)

where N (i) = {j|z; € KNN(z;, K, D,)} represents the top-K nearest neighbor
samples around x; in D,..

Since the neighborhood samples are selected from source-like set and ex-
hibit high confidence, we thus see them as trustworthy support samples and
regard their prediction logits as soft class labels, leading to soft label vector
P; = [pn(1),Pn(2),*** » Pu(k)], Where we re-write N (i) as {n(1),n(2), - ,n(K)}.
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Therefore, the anchor sample can be aware of local category distribution by
aggregating soft labels with local affinity, leading to local clustering relation:

local A PT (3)

In this way, the obtained vector rloc“l contains the relationship with local

reliable neighbors instead of based on single sample prediction, thus can be
more robust and reliable. We can distill the aggregated relationships of each
sample with respect to the local neighbors in target domain, which encourages
the model to maintain more stable representations by anchoring a broader view.

Global Semantic Relation. In addition to the local clustering relation, we
would like to further utilize the global data structure to establish the global
relation, by considering semantic similarity with the data from the whole dataset.
Concretely, we utilize Gaussian Mixture Model (GMM), a typical probabilistic
model, to represent the distributions of different categories, which can be further
introduced to formulate the global similarity. Since we have distinguished the
well-learnt samples that contain reliable semantic information, on this basis, we
regard them as the centroids of Gaussian Mixtures and build a reliable GMM,
enabling to model the relationship among samples and integrate the overall
target structure information.

In order to build a GMM which includes C Gaussian mixture components,
we firstly calculate the average features of the source-like samples belonging to
c-th class as the mean p, with the reliable samples as centers:

Z f(:) (4)

where f(z;) is the extracted feature representation of sample x;, D,(c) is the
reliable set for class ¢. After obtaining p., the variance o, of c-th component can
be calculated by measuring the distance between samples and mixture centers:

\/Zw JED,. pl ( ) - :u’0)2 (5)

fhe =

:L’G'D pz

where p§ is the prediction score of the c-th category for x;.

On this basis, we can utilize the established reliable GMM to model the
global semantic similarity for the given sample. To be specific, by comparing
each respective sample feature to the Gaussian Mixtures, we obtain the global
semantic relation, which can be formulated as:

-exp(—

Ti) — He 2
9@ | pre,00) = — M)

2 202
e g (% | pre, 0c) (6)
L {my g (i | pyro5)}
= [p(zi)1,p(zi)2, - -+ s p(xi)C]

p(xi)c =

global
i
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where m; = % is the mixing coefficient calculated in GMM, indicating the
probability that the j-th component is selected. Note that, the employed GMM
is implemented adaptively, where the parameters are dynamically adapted with
the training going. As the features and predictions can be varied in each epoch,
it introduces more randomness that further regularizes the model training. Be-
sides, the number of reliable samples can be progressively increased, thus a more
reasonable GMM can be constructed, gradually approximating the real target
distribution and transferring more reliable global structural knowledge.

Adaptive Ensembled Distillation. Because the ground truth label is not
available and the prediction of teacher model can not be exactly accurate, we ad-
ditionally add an adaptive regularization for distillation. Concretely, we propose
an adaptive weighting coefficient for each sample’s relation distillation process
and also balance the two distillation branches, which exclusively regularizes the
loss function without incurring additional computational overhead.

Specifically, we adopt the reliability of the predictions to measure the respec-
tive proportion of each local and global relation vector as self-regularization,
then adaptively ensemble them for the final optimization. To measure the label
reliability, we exploit the max score and the entropy of the relation distribution
to assign adaptive weight for each branch and for each sample, using the product
of these two metrics as the adaptive weight, written as:

w; = max(r;) * exp(—entropy(r;)) (7)

In this way, we can consider the reliable prediction more and the unreli-
able prediction less in an adaptive manner, achieving sample-wise re-weighting
and branch balancing, thus to improve the distillation. Overall, the adaptively
regularized hierarchical relation distillation objective is:

T,{ocal (24
Lra = Baeny [ - KL(o(m )] o 2222)

- o)

global )
KLl 2

(8)

)]

where o denotes the softmax function, p is a pre-defined temperature, and ¢ (x;)
is the student prediction of x;.
3.4 Overall Training Objective

For the model optimization, the student is updated by the loss propagation.
Concretely, in addition to the above hierarchical relation distillation loss, we
also include a widely used diversity loss in SFDA methods [19}[39]:

c
Laiv =Y plog(p°) 9)
c=1
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where p = E,,ep,[¢s(2;)] is the mean output embedding of the whole target
domain samples from the student model.

Combining the above losses with a coefficient 3 as trade-off (setting 8 = 1
as previous works [19,/39]), the overall optimization objective is summarized as:

L= Erd + 6£diu (10)

For the teacher update, we simply take the exponential moving average of
student parameters 6 to update the teacher parameters 8; during each iteration.

6, = A0, + (1 — \)0, (11)

where A is an updating coefficient.

It is noted that our proposed relation distillation framework can also be
combined with other methods, e.g. replacing the diversity loss with the dispersing
loss in AaD [38], which is denoted as HRD++ in the experiments.

4 Experiments

4.1 Experimental Setup

Datasets. We carry out experiments on four benchmarks for image classifica-
tion. Concretely, Office-Home [33] has a total of 15.5K images from 65 classes
collected from 4 different image domains: Artistic, Clipart, Product, and Real-
world, constituting 12 transfer tasks. Office-31 [29] is a small-scale benchmark
with images from 31 categories across 3 domains: Amazon, DSLR and Web-
cam. VisDA [26] contains 2 different domains, synthetic and real, with 12 shared
classes. We consider the model adaptation from synthetic to real domain, and
report the average over per-class accuracy For DomainNet, following previous
works [45], we use a subset of it that contains 126 classes from 4 domains (Real,
Sketch, Clipart, Painting) and evaluate 7 domain shifts built from them.
Implementation Details. For the sake of a fair and direct comparison, we
use the same experimental setup and architecture as previous works. Specifically,
we use ResNet50 [8] as backbone for Office-31, Office-Home, DomainNet and
ResNet101 [8] for VisDA. For source model training, we initialize the ResNet
backbone with ImageNet-1K pre-trained weights, and then the model is trained
with the standard cross-entropy loss and with label-smoothing like in [19]. For the
adaptation in target domain, the model is first initialized with the source model’s
parameters. During training, we adopt SGD optimizer with a momentum of 0.9
and a weight decay of 1le-4. The learning rate is set as be-3 for Office datasets and
5e-4 for VisDA and DomainNet, while the batch size is set as 64 for all datasets.
For the input samples of student model, we use weak data augmentation that
consists of resized crops and horizontal flip. As for hyper-parameters, we set
K as 3 for Office datasets and 5 for the other two datasets, the EMA update
coefficient A is set as 0.99 and the temperature p is set as 0.1 empirically.
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Table 1: Accuracy (%) on Office-Home and VisDA. We highlight the best and the
second Avg results for each benchmark. SF in the table is short for source-free.

Office-Home VisDA
A—C A—»P A-»R C—»A C—»P C—»R P—A P—»C P-R R—A R—-C R—P Avg Avg

Method SF

C-SFDA [12]

HRD (Ours)
HRD++ (Ours)

60.3 80.2 829 69.3 80.1 788 67.3 581 834 73.6 613 863 73.5 87.8

61.2 826 845 70.8 8l1.4 825 699 59.7 84.0 752 636 874 752 89.8
63.6 836 854 712 833 839 70.1 609 852 773 645 885 76.5 90.2

ResNet-50 (8] X 349 50.0 58.0 374 419 46.2 385 31.2 604 539 41.2 59.9 46.1 524
FixBi 23| X 581 773 804 67.7 79.5 781 658 57.9 817 764 629 86.7 72.7 872
SCDA |16] X 60.7 764 828 69.8 77.5 784 689 59.0 827 749 61.8 845 73.1 842
SHOT |18| v 571 781 815 68.0 782 781 674 549 822 733 588 843 T71.8 829
ANet [36 v 584 79.0 824 675 793 789 68.0 562 829 741 60.5 850 728 84.3
G-SFDA |37] v 579 786 810 66.7 772 772 656 56.0 822 720 57.8 834 713 854
NRC |39 v 57.7 80.3 820 681 798 786 653 564 830 710 586 856 722 859
AaD (38| v 593 793 821 689 798 795 672 574 831 721 585 854 727 88.0
DaC [45] v 591 79.5 812 69.3 789 792 674 564 824 740 614 844 728 873
Sub-Sup |13] v 610 804 825 69.1 799 795 69.1 57.8 82.7 745 651 864 740 88.2
BMD |27 v 581 79.7 826 69.3 81.0 80.7 70.8 57.6 83.6 740 60.0 859 73.6 88.7
CREL [43] v 628 820 843 709 808 826 70.0 61.1 836 762 651 87.0 755 89.1
UTR |24 v 598 812 832 672 792 80.1 684 56.4 83.0 73.7 612 859 732 875

v

v

v

4.2 Comparision Results

We report Top-1 accuracy on the above benchmarks to validate the performance
of HRD against previous methods. For Office-Home and Office-31, the accuracy
for each domain shift and on average is shown in Tab. [l]and Tab. |2 Compared
with the baseline method ( i.e., SHOT [19]), our HRD achieves an average 3.4%
accuracy improvement on Office-Home and an average 2.0% improvement on
Office-31, respectively. Since we use the same architecture and experimental
setup as the baseline, the improvements can be directly attributed to our pro-
posed novel hierarchical relation distillation framework. Besides, when combined
with the dispersing loss as AaD [38], we achieve the state-of-the-art results on
these two benchmarks. We believe that, exploiting the structural relation among
samples and propagate the knowledge from source-like to target-specific ones is
beneficial for the source model adaptation.

On the other two larger scale and more challenging datasets, i.e., VisDA and
DomainNet, we also achieve better performance comparing with both UDA and
SFDA methods, as shown in Tab.[T[Jand Tab.[3] It is noted that, even without ac-
cessing source data during adaptation, we can outperform UDA methods [16}/23|
by a large margin. Compared to the recent SFDA methods, it is clear that both
HRD and HRD++ outperform previous approaches, where HRD++ achieves
the best performance and HRD is the second best. In particular, compared to
DaC [45] that also employs a data division strategy for SFDA but lacks con-
sideration of relations between different sets, we significantly outperform it by
2.9% on VisDA and 2.0% on DomainNet, demonstrating the superiority of our
proposed relation distillation. Besides, HRD achieves competitive performance
in most kinds of domain shifts, validating its generality for different types of
data. It is also worth mentioning that the success of HRD-++ demonstrates the
compatibility of our method when selecting AaD as a stronger baseline.
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Table 2: Accuracy (%) on Office-31.

Method | SF |[A-D AW D—W W=D D—A W—A Avg
MDD [44f X | 904 904 987 999 750 737 880
MCC |10 X | 956 954 986 1000 726 739 894
SRDC 32| X | 958 957 992 1000 76.7 77.1 90.8
SCDA (16| X | 954 953 990 1000 772 759 905
SHOT (18| v | 940 901 984 999 747 743 886
3C-GAN |15 v | 927 937 985 998 753 778 896
NRC (39 v/ | 960 908 990 1000 753 750 894
BMD [27] v | 962 942 980 1000 760 76.0 90.1
AaD (38] v/ | 964 921 991 1000 750 765 89.9
VMP [11] v/ | 933 962 986 1000 754 769 90.0
C-SFDA |12 v/ | 962 939 997 988 779 773 905
UTR [24] v | 950 935 999 99.1 784 763 903
CREL 43] v | 958 951 990 1000 76.6 783 90.8
HRD (Ours) v | 963 941 989 99.1 774 776 90.6
HRD++ (Ours)| v | 965 945 99.1 999 771 779 90.8

Table 3: Accuracy (%) on DomainNet. The * baseline is implemented by official codes.

Method | SF |[R—»C R—P P—C C—S S—»P R—S P—R Avg
MCC [30) X | 448 657 419 349 473 353 724 489
CDAN 21] X | 650 649 63.7 531 634 545 732 625
SHOT (18| v | 67.7 684 669 60.1 66.1 59.9 80.8 67.1
TENT [34 v | 585 657 57.9 485 524 540 67.0 57.7
AdaCon 2| v/ | 702 698 686 580 659 615 805 678
AaD* [38 v | 705 699 698 60.6 657 617 783 68.1
DaC [45] v/ | 700 688 709 624 668 603 786 683
GPUE [20] v/ | 742 704 688 640 675 657 765 69.6
C-SFDA |12] v/ | 708 711 685 621 674 627 804 69.0
HRD (Ours) /| 7TLT 712 703 645 682 627 80.8 69.9
HRD++ (Ours)| v | 71.9 716 711 647 685 625 818 70.3

4.3 Ablation Study

Effectiveness of hierarchical relation distillation. Tab. [4] gives the con-
tribution of each key component that employed in our method. Specifically, we
detail the performance of each relation distillation branch as well as its accu-
racy improvement by progressively adding them. It can be observed that the
two modules efficiently capture structure information and consistently improve
the performance over the baseline. Either considering local or global relation can
significantly outperforms the conventional pseudo label that based on individ-
ual sample. By combining both, it achieves the highest accuracy, verifying the
complementarity of the employed hierarchical relation scheme.

Effectiveness of adaptive ensembled strategy. In our method, we em-
ploy the reliability to re-weight the two distillation branches and assign adaptive
regularization for each sample. On the contrary, we also implement the frame-
work without the re-weighting coefficient, i.e., by directly adding the two KL
losses. As shown in Tab. [4] when combined with the adaptive re-weighting strat-
egy, a consistent improvement is achieved on all four benchmarks, which validates
the importance of the adaptive regularization. Although the prediction from lo-
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Table 4: Ablation study on each component of our method.

Local  Global Adaptive

Relation Relation Ensemble Office-Home Office-31 VisDA DomainNet

71.8 88.6 82.9 67.1

v 73.6 89.7 87.8 68.0
v 73.4 89.2 87.0 68.2

v v 4.7 90.4 89.0 68.9
v v v 75.2 90.6 89.8 69.9

Table 5: Analysis for the impact of data division.

Method VisDA DomainNet
SHOT (baseline) 82.9 67.1
Ours w/o division 87.3 (-2.5)  68.8 (-1.1)

Ours w/o class-balanced strategy — 88.9 (-0.9)  69.4 (-0.5)

Ours 89.8 69.9

cal or global structure relation can not be totally accurate, we can mitigate the
negative effect of noise by integrating the reliability as regularization for each
branch and for each sample.

Impact of data division. We divide the target samples into two sets and
establish sample connections with the source-like samples, thus to distinguish
and better utilize the reliable information. In order to prove the necessity of
such data division, we conduct experiments without division, where the rela-
tion is built with samples from the overall set instead of from source-like set. In
Tab. [5] compared to baseline, the method without data division can still boost
accuracy by a large margin, which suggests that the structural information helps
with sample training. Furthermore, with the sample division, we can build more
reliable local and global relationship by recognizing those source-like samples,
thus exploiting the reliable knowledge and transfering such knowledge to un-
reliable samples. Besides, we also analysis the class-balanced division strategy,
showing that by dividing samples with class-wise threshold, it alleviates learning
imbalance and further promotes adaptation effect.

In Fig.[3] we give the curve of sample set proportion and model performance
on VisDA during training. As the training goes, the model progressively adapts
to the target domain data, leading to a gradually increasing number of reliable
samples. On this basis, the established relation can take advantage of more do-
main information and be more robust, which in turn facilitates model adaptation
and boosts performance. Finally, our method converges to a stable and higher
classification accuracy with the proposed learning scheme.

Impact of distillation. In Tab. [6] we compare the results of methods with
and without the teacher-student distillation scheme on VisDA. Compared to
the conventional pseudo label based self-training, the employment of knowledge
distillation helps the model to achieve better performance thanks to the super-
vision from teacher. Furthermore, our relation distillation method significantly
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Fig. 3: Training statistics on VisDA. Left: The percentage of each sample set dur-
ing training. Right: The model performance (Avg. accuracy) comparison between our
method and SHOT [18|.

Table 6: Effectiveness evaluation of the distillation scheme.

Distillation Supervision Type Accuracy(%)
X hard pseudo label 82.6
soft pseudo label 84.5
v logit distillation 85.2
relation distillation 89.8

outperforms the traditional knowledge distillation that based on logit consistency
by 4.6%, demonstrating the benefits brought by considering data structure and
sample relationships.

4.4 Analysis

Superiority of the relation supervision. To validate our core insight, i.e.,
employing inherent similarity and relationship across samples instead of conven-
tional pseudo labels to help model training, we evaluate the prediction accu-
racy directly from classifier output and from the proposed hierarchical relations.
Specifically, we report the results on source-like set, target-specific set and the
overall dataset, as illustrated in Fig. [d] Firstly, it is observed that the prediction
from local and global structural relation exhibit higher accuracy than conven-
tional pseudo label, suggesting that it is appropriate to utilize hierarchical rela-
tion as supervision to train student model. Besides, the accuracy on source-like
set is much higher than that on target-specific set. On account of these trustwor-
thy predictions, it is reasonable to exploit source-like set and propagate these
knowledge to facilitate the learning of other samples by relation distillation.
Hyper-parameter sensitivity. In this part, we analyze the model sensi-
tivity of hyper-parameters, i.e., the number of nearest neighbors K, the EMA
update coefficient A, and the temperature p in relation distillation. We vary these
hyper-parameters, conduct thorough experiments on VisDA, and report the sen-
sitivity in Fig. [5] First, the method achieves the best performance when we select
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Fig. 4: The accuracy of different types of supervision, which is evaluated on VisDA.
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Fig. 5: Hyper-parameter sensitivity on VisDA.

the top-5 nearest neighbors for local clustering relation, while the larger K leads
to performance degradation. The reason may be that including more neighbors
is more likely to introduce noisy predictions and thus affect the model perfor-
mance. Second, for the coefficient A, we find it is stable when selected from
{0.95,0.99,0.999}, which all achieve the accuracy above 89.0%, and we finally set
A as 0.99. Third, as for the temperature p that is used to calibrate the similarity
distribution for distillation, we empirically set it as 0.1.

5 Conclusion

In this paper, we present a novel Hierarchical Relation Distillation framework,
specifically designed for the challenging task of source free domain adaptation.
By leveraging relation based supervision from different properties, HRD over-
comes the limitations of traditional self-training approaches that neglect data
structure information and inter-sample relationships, ensuring a seamless trans-
fer of structural knowledge from teacher to student. Through the effective trans-
fer of both local clustering and global semantic relations, the student model
gains more sufficient and reliable structural knowledge from the teacher, lead-
ing to enhanced adaptability and generalization in the target domain. Extensive
experiments validates the effectiveness of the proposed method, demonstrating
the superior performance of HRD.
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