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Selective Random Walk for Transfer Learning in
Heterogeneous Label Spaces

Qiao Xiao , Yu Zhang , Member, IEEE, and Qiang Yang , Fellow, IEEE

Abstract—Transfer learning has been widely used in different
scenarios, especially in those lacking enough labeled data. However,
most of the existing transfer learning methods are based on the as-
sumption that the source and target domains should share the label
space entirely or partially, which greatly limits their application
scopes. In this article, a Selective Random Walk (SRW) method
for transfer learning in heterogeneous label spaces is proposed to
make full use of unlabeled auxiliary data, which acts as a bridge for
knowledge transfer from the source domain to the target domain.
The proposed SRW method can explicitly identify transfer se-
quences between source and target instances via auxiliary instances
based on random walk techniques. Since not all of the transfer
sequences generated by random walk are credible for the target
task, the SRW method can learn to weight transfer sequences
adaptively. Based on the weights of the transfer sequences, the
SRW method leverages knowledge by forcing adjacent data points
in the transfer sequence to be similar and making the target data
point in the sequence represented by other data points in the same
sequence. Experiments show that the SRW method outperforms
state-of-the-art models in plenty of transfer learning tasks with
heterogeneous label spaces constructed within and across several
benchmark datasets.

Index Terms—Transfer learning, heterogeneous label spaces,
selective random walk.

I. INTRODUCTION

TRANSFER learning [1], which has been explored in a wide
range of fields, aims to improve the performance of a target

domain with few or even no labeled data by exploiting the useful
knowledge from a source domain with ample labeled data [2],
[3], [4], [5].

Most of the existing transfer learning methods [6], [7], [8]
are based on an assumption that the source and target domains
should share the same label space and they aim to reduce the dis-
tribution discrepancy between domains. However, in real-world
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applications, this assumption is hard to be satisfied. To relax the
assumption of the identical label space, Partial Domain Adap-
tation (PDA) methods [9], [10], [11] are proposed for transfer
learning under the setting that the source label space is a superset
of the target label space. As a more practical scenario, the Open
Set Domain Adaptation (OSDA) [12], [13] assumes the target
domain contains some classes that do not exist in the source do-
main. Moreover, under the Universal Domain Adaptation (UDA)
setting [14], [15], [16], the source and target label spaces have
some overlapping, which however is unknown to the learning
model. While all the aforementioned settings suppose that both
the well-trained source models and labeled source datasets are
available, in some applications, the source datasets may be not
accessible, making only the source models and unlabeled target
datasets available. Source-free domain adaptation [17], [18],
[19] was recently proposed for this challenging scenario, where
only a well-trained source model and an unlabeled target dataset
are available for adaptation. According to empirical results,
those methods only work well when the label spaces between
the source and target domains have a large overlap.

The aforementioned transfer learning methods cannot tackle
the setting that source and target domains are in heterogeneous
label spaces, where the label spaces of the source and target
domains have no overlapping, which is a more challenging but
more realistic scenario for transfer learning. Moreover, the afore-
mentioned transfer learning methods can hardly achieve good
performance, since the distribution discrepancy between two
domains is extremely large, resulting in the ‘negative transfer’
phenomenon [1], [20]. To achieve transfer learning in hetero-
geneous label spaces, several models [21], [22] are proposed.
Qi et al. [21] explore the correlations at the instance level
between the source and target classes. Luo et al. [22] aim to
alleviate the domain shift in heterogeneous label spaces via the
semantic transfer by minimizing the entropy of pairwise similar-
ities between the source and target images. Those methods only
work when there exists an explicit similarity function between
source and target domains, but such similarity function is hard
to define precisely in real-world applications, which may limit
the use of those methods.

In this article, we propose a transfer learning framework called
Selective Random Walk (SRW) under the setting that the source
and target domains are in heterogeneous label spaces. Instead
of requiring the existence of the explicit similarity function
between the source and target domains, an unlabeled auxiliary
domain is used in the SRW model to act as a bridge to enable
transfer learning between two domains in the heterogeneous
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Fig. 1. Transfer learning in heterogeneous label spaces is a challenging setting
where the source label space does not intersect with that of the target label
space. It can negatively impact the performance if the knowledge is forcefully
transferred from the source domain Ds to the target domain Dt. An auxiliary
domain Da is used as a bridge to connect the source and target domains.
The proposed SRW model can explicitly generate transfer sequences between
the source and target instances through auxiliary instances. By learning the
credibility of the transfer sequenceSi, a meta weight networkw with parameters
α̂ is designed to leverage knowledge from transfer sequences selectively.

label spaces. The unlabeled auxiliary domain is much easier to
obtain and we do not impose any assumption on it. To connect the
source and target domains via the auxiliary domain, the random
walk technique is used in the proposed SRW method to generate
transfer sequences. For each transfer sequence generated, adja-
cent data points in it are enforced to be similar and the target data
point in this sequence is assumed to be represented by other data
points in the same sequence via a Long Short-Term Memory
(LSTM). Since transfer sequences are obtained according to
the feature similarity between data, the credibility of each of
them is hardly guaranteed. The proposed SRW model selectively
leverages knowledge from transfer sequences by learning a meta
weight network to weigh them. For illustration, the proposed
SRW model is shown in Fig. 1.

In summary, the main contributions of this article are three-
fold.
� The SRW model is proposed to handle the setting that the

source and target domains are in the heterogeneous label
spaces.

� The transfer sequences generated by random walk are
selectively used based on weights learned by the proposed
meta weight network, which is different from previous
studies on the deep random walk that treats different se-
quences equally.

� Extensive experiments have been conducted on transfer
learning tasks in heterogeneous label spaces to validate the
effectiveness of the proposed SRW model.

A preliminary version of this work appeared in a conference
article [23] published in AAAI 2021. Different from [23] that
equally treats sequences generated by random walk, this work
designs the SRW method to learn weights for different sequences
generated by random walk via meta learning. Moreover, the
problem settings of [23] and this work are different. Specifi-
cally, [23] assumes that the source and target domains share the

same label space, while this work focuses on the two domains
with heterogeneous label spaces. As a result, experiments con-
ducted in this article are completely new and totally different
from those in [23].

The rest of this article is organized as follows. Related works
are reviewed in Section II. Then we introduce the proposed SRW
model in Section III. Section IV analyzes experimental results
and Section V concludes the entire article.

II. RELATED WORKS

In this section, we briefly review related works.

A. Transfer Learning With Auxiliary Domains

Inspired by the human learning ability that two unrelated
concepts could be connected via intermediate concepts that act
as a bridge, several methods [23], [24], [25] utilize an auxiliary
domain as a bridge to enable transfer learning among two distant
domains. Specifically, Tan et al. [24] propose a transitive transfer
learning method to transfer knowledge between distant domains
with an auxiliary domain that contains co-occurrence data of the
source and target domains. To relax such requirements on the
auxiliary domain, Tan et al. [25] propose a method to select
useful data in the auxiliary domain based on the reconstruction
error. Xiao and Zhang [23] propose to use the auxiliary domain
as a bridge for transfer learning between two distant domains.
Different from the aforementioned methods which have the same
label space in the source and target domains, the proposed SRW
model works under the more challenging setting that the source
and target domains are in heterogeneous label spaces.

B. Random Walk for Transfer Learning

Random walk could produce sequences of nodes in a
graph [26] and it has been adopted in transfer learning methods
such as [23], [27], [28] which assume that the label spaces of
the source and target domains are identical. Ng et al. [27] use
the random walk to propagate ranking scores of labeled data
in the source domain to unlabeled data in the target domain
based on a joint transition probability graph. Tan et al. [28]
use the random walk to transfer information according to a
transition probability matrix between the source and target do-
mains. Different from those studies that use the random walk
to calculate the probabilities of traversing between instances
in two domains, the proposed SRW model uses random walk
to generate transfer sequences between the source and target
domains via auxiliary domains. Moreover, different from [23]
that treats transfer sequences equally, the knowledge of transfer
sequences is leveraged selectively in the proposed SRW model
according to the weights learned by the proposed meta weight
network.

C. Meta Learning

Inspired by the recent advance of meta learning [29], [30],
[31], [32], various adaptive data weighting schemes have been
proposed to improve the performance. [33], [34], [35] propose
meta-learning approaches based on weight functions such as
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Bayesian function approximators and deep neural networks with
the attention mechanism. However, most of those methods only
operate on the training loss of all the training data. Recently, [36],
[37] proposed meta networks on training data and obtain good
performance for imbalance or noisy datasets. Different from
them, the proposed meta weight network learns to assign weights
to each sequence with variable lengths, which expands the use
of meta learning to more complex data.

III. THE SRW MODEL

In this section, we introduce the proposed SRW model.

A. Problem Settings

Given a source domain and a target domain, the source domain
has a large labeled training dataset Ds = {(xs

i , y
s
i )}ns

i=1, where
ysi ∈ YS is the class label of the ith data point xs

i in the source
domain and ns denotes the number of data points in the source
domain, and the target domain has a small labeled training
datasetDt = {(xt

i, y
t
i)}nt

i=1, where yti ∈ YT is the class label of
the ith data pointxt

i in the target domain andnt denotes the num-
ber of data points in the target domain. Here we assumens � nt.
Since the source and target domains have a large discrepancy due
to the heterogeneous label spaces in the two domains, the direct
transfer from the source domain to the target domain may have
no effect or even a negative effect on improving the performance
of the target domain. Therefore, we assume that there is an un-
labeled auxiliary dataset Da = {xa

1 , . . . ,x
a
na
}, where na � nt

denotes the number of data points in the auxiliary domain. This
auxiliary domain contains data points from diverse domains and
it will act as a bridge to help transfer the knowledge from the
source domain to the target domain.

Unlike previous transfer learning methods which assume par-
tial or fully shared label spaces (i.e.,YS = YT orYS ∩ YT �= ∅),
we can also tackle transfer learning problems in heterogeneous
label spaces, where the source and target label spaces are non-
overlapping, i.e., YS ∩ YT = ∅.

B. Graph Construction

In the proposed SRW method, we first learn a hidden rep-
resentation for all the data in the source, auxiliary, and target
domains as x̂∗i = f(x∗i ;φ), where f(·) denotes a feature extrac-
tion network with the parameters φ and the superscript ∗ in x∗i
can be s, a or t.

To measure similarities between data points in a mini-batch,
we use all the data points to construct a graph G, in which each
node corresponds to a data point, and edge weights in the graph
are defined as

e(x̂, x̂) = 0 ∀x ∈ Ds ∪ Da ∪ Dt

e(x̂1, x̂2) = exp{〈x̂1, x̂2〉} ∀x1,x2 ∈ Ds ∪ Da

e(x̂1, x̂2) = exp{〈x̂1, x̂2〉} ∀x1,x2 ∈ Dt ∪ Da, (1)

where x̂ = f(x;φ), x̂1 = f(x1;φ), x̂2 = f(x2;φ), ∪ denotes
the union of domains, and 〈·, ·〉 denotes the inner product
between two vectors, matrices, or tensors of the same size.
According to (1), there is no self-loop in this graph and there is no

edge between the source and target samples because of the large
discrepancy between two domains with heterogeneous label
spaces, resulting in unreliable similarities. During the training
process, φ changes over epochs and so do edge weights.

Based on the graph G, the SRW method conducts a random
walk in two directions. The first kind of random walk will
randomly select a node corresponding to a data point in the
source domain as the starting point, and then visit the next data
point with probability proportional to e(i, j) until it reaches a
node in the target domain or the number of nodes visited exceeds
a threshold T . Similarly, the second type of random walk starts
with a node in the target domain and stops when it reaches a node
in the source domain or the number of nodes visited exceeds
T . A sequence of data points obtained in one execution of a
random walk is called a transfer sequence, which could define
a transition between the source and target domains.

C. Loss Functions

We can obtain several transfer sequences by the random work
technique mentioned in the previous section, where the ith se-
quence is denoted by Si = (x̂i,1, . . . , x̂i,nsi

) with nsi denoting
the length of this sequence or equivalently the number of nodes
visited satisfying nsi ≤ T .

For the sequence Si, we expect two neighboring data points
in it to be similar and define the corresponding similarity loss as

�1(Si; θ)

=

nsi
−1∑

j=1

(− lnσ(〈x̂i,j , x̂i,j+1〉)− ln(1− σ(〈x̂i,j , ẑi,j〉))),

(2)

where σ(x) = 1
1+exp{−x} denotes the sigmoid function and ẑi,j

is sampled out of Si to act as a dissimilar data point to x̂i,j .
For Si, suppose the last data point is from the target domain,

which means that the random walk finds a path from the source
domain to the target domain, and we expect that the last data
point can be reconstructed from other data points in this se-
quence. So we can formulate the reconstruction loss as

�2(Si; θ) = ‖x̂i,nsi
− fd(LSTM(x̂i,1, . . . , x̂i,nsi

−1))‖, (3)

where LSTM() denotes an LSTM to output the hidden state
of the last position, fd(·) is a neural decoder to generate an
approximation of x̂i,nsi

, and ‖ · ‖ denotes the �2 norm. Here the
LSTM is used since x̂i,1, . . . , x̂i,nsi

−1 form a sequence.
Moreover, based on the labeled data inDs andDt, we formu-

late the classification loss as

Lcls(Ds,Dt; θ)

=
1

|Ds|
∑

(x̂,y)∈Ds

�(fcs(x̂), y) +
1

|Dt|
∑

(x̂,y)∈Dt

�(fct(x̂), y), (4)

where fcs(·) and fct(·) denote the classification network of
the source and target domains, respectively, and | · | denotes
the number of data points in the corresponding dataset, and
�(·, ·) denotes the cross-entropy loss. Due to the heterogeneous
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Fig. 2. Architecture of the proposed SRW model. According to the hidden feature representation generated by θ, we construct a graph G on data points in a
mini-batch and adopt the random walk to generate transfer sequences based on a similarity map. For example, Si =S1→A3→A7→T1 is a transfer sequence from
the source domain to the target domain via the auxiliary domain. The dotted lines represent the bi-level optimization process for the meta weight network w(Si;α).
Based on the learned meta weight network, the SRW model can be optimized by Loss2 selectively as well as the other two loss functions.

label spaces in the source and target domains, two different
classification networks (i.e., fcs(·) and fct(·)) should be used.

Since transfer sequences obtained by the random walk are
based on the similarity between node features, it is difficult to
guarantee the credibility of each transfer sequence. We expect
to leverage knowledge from transfer sequences selectively ac-
cording to the specific target tasks. Hence, we will design a
meta weight network w(Si;α) parameterized by α to learn the
weight of each transfer sequence automatically with the hope of
assigning large weights to trustworthy transfer sequences. When
given the meta weight network w(Si; α̂), where α̂ denotes the
learned value for α, the objective function by combining the
above loss functions is formulated as

min
θ

Lcls(Ds,Dt; θ) +
λ

lst

lst∑

i=1

�2(Si; θ)

+
γ

l

l∑

i=1

w(Si; α̂)�1(Si; θ), (5)

where θ denotes the set of all the parameters in the SRW method
except those in the meta weight network, l denotes the number
of all the transfer sequences generated by the random walk
technique in both directions and lst denotes the number of
transfer sequences which start from a source data point and
end with a target data point. λ and γ in problem (5) are the
trade-off parameters to balance the three terms. The last term
in problem (5) is to weigh similarity losses of different transfer
sequences according to weights produced by the meta weight
network and it can help utilize transfer sequences selectively.
The entire architecture of the proposed SRW model is shown in
Fig. 2.

D. Meta Weight Network

To obtain w(Si; α̂) in an adaptive and reliable way, we will
learn α in a meta learning manner. To achieve that, we split
the target dataset into two subsets as Dt = Dtr

t ∪ Dval
t for the

training and validation, and the meta weight network can be
defined as

w(Stri ;α) = fm(LSTM(Stri )), (6)

where Stri denotes the ith transfer sequence generated from the
graph constructed by Ds, Da, and Dtr

t , and fm(·) is a neural
decoder to generate the weight for each Stri . Here the LSTM is
used since the length of Stri is varying and it is different from the
LSTM used in (3). The architecture of the meta weight network
is shown in Fig. 3.

We expect the meta weight network to perform well on Dval
t

by minimizing the loss as

1

|Dval
t |

∑

(x̂val,yval)∈Dval
t

�(fct(x̂
val), yval). (7)

Taking problem (5) and (7) into consideration, the objective
function of the SRW model can be formulated as

min
α
Louter(θ, α) =

1

|Dval
t |

∑

(x̂val,yval)∈Dval
t

�(fct(x̂
val), yval)

s.t. θ̂ = argmin
θ
Linner(θ, α)

Linner(θ, α) ≡ Lcls(Ds,Dtr
t ; θ) +

λ

ltrst

ltrst∑

i=1

�2(Stri ; θ)

+
γ

ltr

ltr∑

i=1

w(Stri ;α)�1(Stri ; θ) (8)

where ltr denotes the number of transfer sequences generated
from the graph Gtr constructed by Ds, Da, and Dtr

t , and ltrst
denotes the number of transfer sequences, which start from
a source data point and end with a target data point, based
on Gtr. Problem (8) is a bi-level optimization problem [38],
which requires solving two nested problems. The inner-level
problem (i.e., Linner(θ, α)) is to find optimal θ by minimizing
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Fig. 3. Architecture of the meta weight network. Here Si denotes the ith transfer sequence generated from the graph constructed by Ds, Da, and Dtr
t . The

variable-length transfer sequences are processed in the meta weight network which is constructed by LSTM and fully connected layer with the sigmoid function
to produce the weight for each sequence. For example, we can get four weights, each of which is within (0, 1), for transfer sequences S1, S2, S3, S4, respectively.

Algorithm 1: SRW Model.

INPUT: Dtr
t , Dval

t , Ds and Da, max iterations I .
OUTPUT: optimal parameters α̂ and θ̂.

Initialize parameter α0 and θ0;
while i < I − 1 do
{x, y} ← SampleMiniBatch (Dtr

t ,Ds,Da);
{x(val), y(val)} ← SampleMiniBatch (Dval

t );
Compute Linner(θt, αt);
Update θt+1 by (9);
Compute Louter(θt+1, αt);
Update αt+1 by (10);

end while

the weighted empirical risk, while the outer-level problem (i.e.,
Louter(θ, α)) is to minimize the classification loss w.r.t α.

To meet the efficiency requirement, we adopt an online
approximation method proposed in [37], [39] for the bi-level
optimization and employ the Stochastic Gradient Descent (SGD)
technique for the optimization.

Updating θ. Given the meta weight network w parameterized
by αt, θt+1 can be obtained by minimizing the inner-level
problem via SGD as

θt+1 = θt − ηθ∇θLinner(θt, αt), (9)

where ηθ denotes the learning rate.
Updatingα. After obtaining θt+1, the outer-level problem can

be solved by SGD as

αt+1 = αt − ηα∇αLouter(θt+1, αt), (10)

where ηα denotes the learning rate.
The entire algorithm for the SRW model to solve the problem

(8) is summarized in Algorithm 1.
After solving the problem (8), we fix the meta weight network

and further update θ by solving the problem (5) based on Ds

and Dt.

IV. EXPERIMENTS

In this section, we empirically evaluate the proposed SRW
method.

A. Datasets

Experiments are conducted on three benchmark datasets,
including the Animals with Attributes (AwA) dataset [40], the
Caltech-101 dataset [41], and the MiniImagenet dataset [30].
The RGB channels of all images are centered and scaled, and
all the images are cropped centrally to the size of 224×224.

The source domain, auxiliary domain and target domain are
constructed based on the above three datasets. To better test
the performance of the proposed SRW method, we consider
three scenarios: transfer within the same dataset, transfer across
datasets, and transfer from various styles to real-world images,
which correspond to three ways to construct different domains
as discussed in the following.

For transfer tasks within a dataset, we construct the source,
auxiliary and target domains on each dataset, respectively. For
the AwA dataset, we randomly select 8 categories as the source
domain and another 5 categories as the target domain. The
remaining categories are used as the auxiliary domain. In this
way, we construct 5 transfer tasks (denoted by task01 to task05),
where the categories contained in the source and target domains
are shown in Table I. For the Caltech-101 dataset, similarly, 8
categories are randomly selected as the source domain, another
5 categories are randomly selected as the target domain, and
the remaining categories are used as the auxiliary domain.
Specifically, we construct 5 transfer tasks (denoted by task06
to task10), where the categories used in the source and target
domains are shown in Table II. For the MiniImagenet dataset,
all the 60,000 images are used to construct the three domains.
In each experimental configuration, 7 categories are selected
randomly as the source domain and 5 categories for the target
domain without overlapping. Data in the remaining categories
are used as the auxiliary domain. Based on such construction,
we construct 14 transfer tasks (denoted by task11 to task24),

Authorized licensed use limited to: Eindhoven University of Technology. Downloaded on March 12,2025 at 10:19:57 UTC from IEEE Xplore.  Restrictions apply. 



XIAO et al.: SELECTIVE RANDOM WALK FOR TRANSFER LEARNING IN HETEROGENEOUS LABEL SPACES 4481

TABLE I
DETAILS FOR TASKS WITHIN THE AWA DATASET

TABLE II
DETAILS FOR TASKS WITHIN THE CALTECH-101 DATASET

TABLE III
DETAILS FOR TASKS WITHIN THE MINIIMAGENET DATASET

where the categories used in the source and target domains are
shown in Table III.

For transfer tasks across datasets, two of these datasets are
used as the source and target domains, respectively, while the
rest one is acting as the auxiliary domain. In detail, the MiniIm-
agenet dataset (denoted by M) consists of 100 categories with
600 instances for each category. The AwA dataset (denoted

by A) contains 30,475 pictures in 51 categories, where the
number of instances per class varies from 92 to 1,168. The
Caltech-101 dataset (denoted by C) contains 8,677 images with
101 categories and we remove the background category. To
make a thorough evaluation, we evaluate all methods on all six
transfer tasks: C→ A, A→ C, M→ A, A→ M, M→ C, and
C→M.
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For transfer tasks involving various styles transitioning to
real-world images, we assess the proposed model using the
PACS and DomainNet datasets. The PACS dataset comprises
four domains: Photo, Art Painting, Cartoon, and Sketch. For the
PACS dataset, the Photo domain is treated as the target domain.
We randomly select one of the remaining domains as the source
domain and use the others as auxiliary domains. This results in
three transfer tasks: C→ P, S→ P, and A→ P. The DomainNet
dataset encompasses images from six distinct domains: Real
images, Paintings, Clipart, QuickDraw images, Infographics,
and Sketches. The dataset holds between 48 K to 172 K images
per domain and has 600 K images in total. In our experiments, the
Real image is selected as the target domain. We then randomly
choose another domain as the source and designate the rest
as auxiliary domains. Consequently, we establish five transfer
tasks: P→ R, Q→ R, C→ R, S→ R, and I→ R.

B. Experimental Settings

For a fair comparison, the same architectures for the fea-
ture extractor and classifier are used for all deep methods.
For efficiency, we use the AlexNet model [42] pre-trained on
the ImgeNet-1 K dataset [43] as the backbone network for
transfer tasks across datasets and styles transfer. For transfer
tasks within a dataset, without using information from other
large-scale datasets (e.g., ImageNet-21K [44]), we adopt the
RotNet [45] to pre-train an AlexNet model on each dataset as
the backbone network, as RotNet is a self-supervised method
and can be integrated into any pipeline easily. The RotNet is
trained by the SGD method for 160 epochs with a learning rate
as 0.001. Note that during the pre-training of the RotNet, the
samples from target categories are not used.

For each task, the backbone network is followed by a feature
extraction network, which has a Fully-Connected (FC) layer
with 256 hidden units. The same network architecture is used for
all baseline methods. In the proposed SRW model, a one-layer
bi-directional LSTM with 128 hidden units and a neural decoder
fd(·) that has an FC layer with 256 outputs are used to compute
the reconstruction loss defined in (3). The classification network
has two branches for the source and target domains, where each
branch has an FC layer with various outputs depending on the
number of classes in the corresponding domain. The meta weight
network is constructed by a one-layer bi-directional LSTM with
128 hidden units followed by an FC layer fm(·), which has one
output with the sigmoid function. So the weight of each sequence
learned by the meta weight network is within [0, 1].

The mini-batch SGD with a Nestorov momentum of 0.9 is
used to solve problem (8). The batch size is set to 100, including
25, 25, and 50 images for the source, target and auxiliary
domains, respectively. The initial learning rates for the inner
and outer-level problems are set to 0.01. The threshold T in the
random walk technique is set to 6. The hyper-parameters λ and
γ in the inner-level problem of problem (8) are set to 1.0 and
0.3, respectively.

We make a comprehensive comparison with different transfer
learning methods. The baseline methods in the comparison
include

TABLE IV
PERFORMANCE OF DIFFERENT MODELS ON DIFFERENT TRANSFER TASKS

ACROSS DATASETS

DNNDt
: The DNNDt

method adopts the same backbone net-
work as the SRW model and is trained on Dt only.

Fine-tune: The architecture of this method is the same as the
DNNDt

method. It is pre-trained on Ds and then fine-tuned on
Dt.

DNNDs,t
: Different from the DNNDt

method, the DNNDs,t

method is trained on both Ds and Dt, and has separate classifi-
cation network branches for Ds and Dt.

DAN [46]: The DAN method uses maximum mean discrep-
ancy for the distribution alignment with separate classification
network branches for Ds and Dt.

DANN [47]: The DANN method is an adversarial deep
method, which trains a discriminator through the adversarial
learning strategy.

ETN [11]: The ETN method is designed for PDA.
LEL [22]: The LEL method is a transfer learning method

under the setting that the source and target domains possess
heterogeneous label spaces.

DFF [48]: The DFF method is a feature-based distant transfer
learning approach comprised of feature fusion, and it can be
extended to multi-class image classification tasks.

For the evaluation of transfer tasks across datasets, we ran-
domly select 10 labeled instances of each class in the target
domain as the training dataset Dt and the rest is for testing. For
the evaluation of transfer tasks within a dataset, we randomly
select 30 labeled instances of each class in the target domain as
the training datasetDt and the rest is for testing. For training the
meta weight network w, the entire training dataset in the target
domain is randomly divided into two parts (i.e., Dtr

t and Dval
t )

with the ratio of 3:2 for tasks within the dataset. For tasks across
the dataset, we do not perform this split, as the target domain is
small. After learning the meta weight network, the entire training
dataset is used for training the SRW model further.

C. Results

Each setting was repeated for three times, and the results are
reported in Tables IV, VI, VII, VIII, and IX in the format of
‘mean (standard deviation)’ and Fig. 4 that shows the the results
on task21 to task24 for better presentation. The results show
that the DNNDt

method slightly outperforms the Fine-tune and
DNNDs,t

methods in most cases, which implies that the informa-
tion learned from the source domain may have a negative impact
on the performance of the target domain due to the domain shift
caused by heterogeneous label spaces. Additionally, the DNNDt
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Fig. 4. Performance of different methods with varying numbers of labeled target instances on different transfer tasks within the MiniImagenet dataset.

method performs slightly better than DAN and DANN methods,
which demonstrates that forcibly aligning the two domains
in the heterogeneous label spaces will negatively impact the
performance of the target domain. The DAN method is better
than DANN, as the outstanding capability of the discriminator
in DANN for matching source and target domains leads to a
more severe negative transfer under the setting of heterogeneous
label spaces. In most transfer tasks, the accuracy of the ETN
method is lower than that of the DNNDt

method, meaning that
this PDA approach results in negative transfer. The LEL and
DFF methods perform well in some transfer tasks but fall short in
others when compared to other baseline methods. This suggests
that without leveraging knowledge in the auxiliary domain, these
methods may not be effective in all transfer tasks, particularly
those with heterogeneous label spaces. In contrast, the proposed
SRW model performs the best in all the transfer tasks, which
demonstrates its effectiveness.

In the above experiments, the AlexNet model, initially trained
on the ImageNet-1 K dataset, is applied for transfer tasks
across datasets. Note that there is category overlap between the
AwA and ImageNet-1 K datasets. To demonstrate that the good
performance of the proposed SRW model is not attributable
to previously seen data from the ImageNet-1 K dataset, the

TABLE V
PERFORMANCE COMPARISON OF VARIOUS MODELS ON FOUR TRANSFER TASKS

ACROSS DATASETS, WHERE Aseen DENOTES A SUBSET OF THE AWA DATASET

CONTAINING OVERLAPPING CATEGORIES WITH THE IMAGENET-1 K DATASET

AND Aunseen DENOTES THE REMAINING SUBSET OF THE AWA DATASET

CONTAINING UNSEEN CATEGORIES FROM THE IMAGENET-1 K DATASET

AwA dataset is divided into two subsets: the ‘unseen’ subset
containing 12 categories that do not appear in the ImageNet-1 K
dataset, and the ‘seen’ subset comprising the remaining overlap-
ping categories. Consequently, this allows for four transfer tasks
across datasets, i.e., C→ Aunseen, C→ Aseen, M→ Aunseen,
and M → Aseen, where Aseen denotes a subset of the AwA
dataset containing overlapping categories with the ImageNet-
1 K dataset and Aunseen denotes the remaining subset of the
AwA dataset containing unseen categories from the ImageNet-
1 K dataset. According to results shown in Table V, the proposed
SRW method performs better than all the baseline methods for
both subsets, showing the effectiveness of the proposed SRW
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TABLE VI
PERFORMANCE OF DIFFERENT MODELS ON STYLE TRANSFER TASKS ON THE

PACS DATASETS

TABLE VII
PERFORMANCE OF DIFFERENT MODELS ON STYLE TRANSFER TASKS ON THE

DOMAINNET DATASETS

method. Moreover, the performance on the ‘unseen’ subset is
better than that on the ‘seen’ subset. One possible reason is that
the numbers of categories and samples on the ‘unseen’ subset
are much smaller than those on the ‘seen’ subset, making the
former easier to be learned.

D. Sensitivity Analysis

First, we study the impact of the amount of labeled data on
the performance. According to Fig. 4, the performance of the
proposed SRW method improves with the increasing number
of labeled data in the target domain. Additionally, Table X
showcases the results for transfer tasks across different datasets.
Notably, our results suggest that when there are fewer labeled
instances in the target domain for transfer tasks, the advantages
of employing our approach are more significant.

Second, we analyze the impact of different similarity mea-
sures for the construction of the graph defined in (1), including
the cosine similarity (denoted by C similarity), euclidean dis-
tance (denoted by E distance), and inner product used in (1), to
the performance. According to results in Table XIV, we observe
that the SRW method with the inner product outperforms other
variants, making it the first choice to construct the graph G.

Third, we vary the value of hyper-parameter γ to testify its
sensitivity to the performance of the proposed SRW method
on different transfer tasks by fixing other hyperparameters. As
shown in Table XI where the value of γ varies between 0.1 and
1.0, we can find that the average performance on six transfer
tasks is the best when γ is set to 0.3, which is the setting for γ
in all the transfer tasks.

Finally, in Table XII, we conducted analysis to study the
impact of ηθ, the learning rate of the inner-level problem, to the
performance, when fixing ηα, the learning rate of the outer-level
problem, to be 0.01. According to the results, we can see that
the performance is not so sensitive to ηθ. Consequently, we set
the two learning rates to be the same (i.e., 0.01).

E. Ablation Study

First, we analyze the necessity of different losses defined
in Section III-C. We compare the SRW model with its vari-
ants, including SRWw/o�1 that does not use �1 defined in (2)
and SRWw/o�2 that does not use �2 defined in (3). According
to results in Table XIV, we observe that the SRWw/o�1 and
SRWw/o�2 models perform worse than the SRW model, indi-
cating that both losses are important to the performance of the
SRW model. To further study the effect of the proposed �1 and
�2 losses in the SRW model, we conduct ablation studies to
compare the variants of the SRW method on six transfer tasks
across datasets. According to the results shown in Table XIII, we
can find that the �1 and �2 losses are beneficial for the proposed
SRW model to improve the classification performance. Overall,
the proposed SRW method with both �1 and �2 losses performs
the best, which demonstrates the usefulness of the two losses in
SRW.

Second, we analyze the effectiveness of the meta weight
network w, which aims to weigh each transfer sequence.
We compare the SRW model with its variants, including
SRWrandom that weighs each transfer sequence with a ran-
dom weight uniformly generated within [0, 1] and SRWequal

that assigns an equal weight 1.0 to each transfer sequence.
According to results shown in Table XIV, SRW outperforms
SRWrandom and SRWequal, indicating that not all the transfer
sequences generated by random walk are equally credible and
that the proposed meta weight network can reliably learn their
credibility.

F. Visualization of Transfer Sequences

To understand how the proposed SRW method selectively
leverages knowledge from transfer sequences via weights
learned by the meta weight network, we plot in Fig. 5 some trans-
fer sequences sampled by random walk and their corresponding
weights learned by the meta weight network. According to
Fig. 5, we can see that in each transfer sequence corresponding
to one row where the source image is completely different from
the target image, the SRW method can learn to weigh each
transfer sequence adaptively according to the target domain. To
see that, for example, in a transfer sequence ‘coral-to-flower’
that is located in the sixth row from the bottom of Fig. 5, the
SRW method first relates the source image to other coral images
that are similar to the source images, and then gradually visits
images that are more similar to the target domain until reaching
some target image. In this transfer sequence, although the images
in the source and target domains belong to different categories,
they have related properties such as similar shapes, resulting in
a higher weight learned by the proposed meta-weight network.
In contrast, in another transfer sequence ‘orange-to-bird’ that
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TABLE VIII
ACCURACY (%) OF DIFFERENT MODELS ON DIFFERENT TRANSFER TASKS WITHIN THE AWA AND CALTECH-101 DATASETS, RESPECTIVELY

TABLE IX
ACCURACY (%) OF DIFFERENT MODELS ON DIFFERENT TRANSFER TASKS WITHIN THE MINIIMAGENET DATASET

TABLE X
SENSITIVITY TO THE NUMBER OF LABELED DATA POINTS IN THE TARGET

DOMAIN, VARYING FROM 5 TO 30 ON DIFFERENT TRANSFER TASKS ACROSS

DATASETS

TABLE XI
SENSITIVITY OF HYPER-PARAMETER γ WITH THE VALUES VARYING FROM 0.1

TO 1.0 ON DIFFERENT TRANSFER TASKS ACROSS DATASETS

TABLE XII
SENSITIVITY ANALYSIS WITH RESPECT TO THE OUTER LEARNING RATE

VARYING FROM 0.005 TO 0.1 ON DIFFERENT TRANSFER TASKS ACROSS

DATASETS

is located in the fifth row from the bottom of Fig. 5, although
images in this transfer sequence are similar in terms of the color,
the difference between them is quite obvious, which makes
the meta weight network learn a low weight, meaning that
this transfer sequence is not so reliable for the target domain.

TABLE XIII
ACCURACY (%) OF THE PROPOSED SRW METHOD AND THEIR VARIANTS IN

SIX TRANSFER TASKS ACROSS DATASETS. �1 DENOTES THE SIMILARITY LOSS

DEFINED IN (2), AND �2 DENOTES THE RECONSTRUCTION LOSS DEFINED IN (3)

TABLE XIV
ACCURACY (%) OF DIFFERENT MODELS INFLUENCED BY MEASUREMENTS FOR

THE FEATURE SIMILARITY AND VARIANTS OF THE SRW MODEL ON TRANSFER

TASKS WITHIN THE MINIIMAGENET DATASET

Hence, based on transfer sequences, we can understand how
the SRW model works and this can help improve the model
interpretability.

G. Visualization of Learned Graph

To better analyze the proposed SRW method, in Fig. 6, we
visualize the final learned graph G using a batch of data for the
A → C and C → A transfer tasks. To better visualize G that
is fully connected, we randomly select 1% of the edges in G in
Fig. 6. We can see that the model adeptly assigns distinct weights
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Fig. 5. Examples of transfer sequences and their weights. Each row represents a transfer sequence with its weight on the leftmost column.

Fig. 6. Visualization of learned graph for the transfer tasks: A→ C and C→
A. Source data points are in green, target data points are in red, and auxiliary data
points are in blue. The weights of edges are normalized for clear illustration,
where thinner edges correspond to smaller weights and thicker edges represent
larger weights.

to each edge, which demonstrates the capability of the model to
discern the significance of each node in G. Transfer sequences
are subsequently generated based on those weights through
random walk. The meta weight network thus becomes pivotal

TABLE XV
COMPUTATIONAL COMPARISON OF TRAINING AND INFERENCE TIME (SECONDS)

FOR EACH ITERATION ON THE C→ A AND A→ C TRANSFER TASKS

to further guarantee the credibility of each transfer sequence.
As Table XIV substantiates, the weights of transfer sequences
allocated by the proposed meta weight network consistently
surpass those that are assigned equally or randomly, highlighting
that transfer sequences generated through random walk are not
equally reliable.
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H. Complexity Analysis

As detailed in Table XV, we present a comparative analysis
of the training and inference time per iteration for the A → C
and C→A transfer tasks. The proposed SRW method possesses
a bi-level optimization process, leading to longer training time
compared to other transfer learning approaches. However, it is
crucial to highlight that the inference time is comparable to those
of conventional methods.

V. CONCLUSION

In this article, the SRW method is proposed to improve
the performance of transfer learning in heterogeneous label
spaces. The SRW model can transfer the knowledge with transfer
sequences between the source domain and the target domain
via the unlabeled auxiliary data. The information of transfer
sequences can be leveraged selectively by the proposed meta
weight network. Extensive experiments have been conducted to
verify the effectiveness of the SRW method. In our future study,
we are interested in extending the SRW method to other related
learning tasks.
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