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Abstract—While the state-of-the-art network embedding ap-
proaches often learn high-quality embeddings for high-degree
nodes with abundant structural connectivity, the quality of the
embeddings for low-degree or tail nodes is often suboptimal
due to their limited structural connectivity. While many real-
world networks are long-tailed, to date little effort has been
devoted to tail node embeddings. In this paper, we formulate the
goal of learning tail node embeddings as a few-shot regression
problem, given the few links on each tail node. In particular,
since each node resides in its own local context, we personalize
the regression model for each tail node. To reduce overfitting
in the personalization, we propose a locality-aware meta-learning
framework, called meta-tail2vec, which learns to learn the regres-
sion model for the tail nodes at different localities. Moreover, to
address the heterogeneity in nodes and edges on heterogeneous
information networks (HINs), we further extend the proposed
model and formulate meta-tail2vec+, which is based on a dual-
adaptation mechanism to facilitate the locality-aware tail node
embeddings on HINs. Finally, we conduct extensive experiments
and demonstrate the promising results of both meta-tail2vec and
its extension meta-tail2vec+.

Index Terms—Meta-learning, locality-aware, tail node embed-
dings, homogeneous and heterogeneous networks.

I. INTRODUCTION

ETWORK structures are prevalent in various real-world
scenarios, such as social networks, citation networks and
biological networks. On these networks, many problems can
be formulated as node classification and link prediction, which
rely heavily on effective network representations. While tradi-
tional approaches mainly focus on manual feature engineering,
recent network embedding [1] and graph neural networks
[2] have become the de facto state-of-the-art approaches for
learning representations of network data. Specifically, these
methods aim to encode network structures by mapping nodes
into a low-dimensional vector space, in which the structural
information is preserved.
Despite their success, a critical question remains open: the
performance of most existing embedding methods depends on
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Fig. 1: Distribution of node degree and its relationship to the
quality of embedding vector on the Wiki network.

the availability of abundant structural connectivity. Although
this is not a concern for medium-to-high degree nodes with
many links to other nodes, low-degree nodes with very few
links often suffer from the problem of limited structural
information. As a result, the embedding vector for a low-
degree node cannot be accurately learned from its structural
information. Generally, the node degrees vary considerably
across the network and are not uniformly distributed. In
many networks, the degrees approximately follow the power-
law distribution [1]. For instance, Fig. 1(a) illustrates the
degree distribution of the Wiki network [3], a network of
interlinked Wikipedia pages belonging to 19 categories. The
node degrees are characterized by a long-tailed distribution,
where a significant fraction of the nodes belong to the tail
with very low degrees. The embeddings of these fail nodes
are unsatisfactory, as demonstrated by the performance of node
classification in Fig. 1(b). Particularly, when the node degree
decreases, the performance also decreases due to less structural
information.

Unfortunately, most current network embedding or graph
neural network approaches overlook the tail nodes, by re-
garding all nodes uniformly and adopting the same learning
approach despite their diverse degrees. For example, Deep-
Walk [1] samples node sequences from the network and feeds
them to the same skip-gram model without paying special
attention to low-degree nodes, while graph neural networks
[2], [4] derive the embedding of a target node by aggregating
its neighboring nodes in the same manner without adapting to
the degree of the target node. Not surprisingly, the tail nodes
with very few links are usually under-modeled than those
with many links. This inspires us to investigate the following
research problem: How do we learn effective embedding
vectors for tail nodes from limited structural information?

The problem is challenging for three reasons. (1) The tail
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nodes have very few links, which provide scarce structural
information. The issue is especially severe when only network
structures are available, without access to additional side
information such as item contents in recommendation [5] and
morphological information in word embedding [6]. (2) Each
node is associated with a unique locality, and thus the embed-
ding model should ideally become specialized from node to
node. However, in practice this presents a dilemma: adapting
to each node often causes overfitting, which is particularly
serious for tail nodes with very few observed links. (3) When
it comes to heterogeneous information networks (HINs) [7],
the node heterogeneity further complicates the capture of
limited structural information on tail nodes. That is, we need to
simultaneously account for both the locality and heterogeneity
of tail nodes given scarce structural information.

To address the first challenge of scarce structural informa-
tion, we exploit the embeddings of nodes with a sufficient
number of links (i.e., non-tail nodes and we call them head
nodes hereafter). Considering any network embedding model,
the learned embedding vectors of head nodes tend to be
more accurate than those of tail nodes, due to more abundant
structural information associated with head nodes. Thus, we
treat the embeddings of head nodes as our oracle embeddings,
which can be leveraged to train a regression model capable
of reconstructing the oracle embeddings in a self-supervised
manner. Using the regression model, our goal is to predict
new embeddings for tail nodes such that their quality can
approach that of the oracle embeddings. To further ensure that
the regression model fits both head and tail nodes, we propose
to perform link dropouts on head nodes, to simulate the limited
structural information of tail nodes.

To address the second challenge of adapting to the locality
of each node, we resort to the meta-learning paradigm [8], [9],
for its ability of adapting to new learning tasks (also called
episodes) by learning a transferable prior common to different
tasks. Known as meta-learning, it learns how to learn a model
in the form of a prior, contrary to learning one model for all
tasks (which cannot differentiate tasks) or individual models
for each task (which may overfit to each task). In particular, we
adopt the meta-learning framework MAML [9], which has the
advantage of quick adaptation in a model-agnostic manner and
has achieved considerable success in various problem domains
[10], [11].

To realize the above insights in our scenario, we construct
locality-aware tasks: one task for each node to represent its
locality, and learn a regression prior that can be easily adapted
to each task or locality. In each task, given a query node, we
aim to predict its embedding vector after training on a set
of support nodes. While the support set is often randomly
sampled, for locality-aware learning, we propose to use the
neighbors of the query node as the support nodes, assuming
that the localities of neighboring nodes are similar. More
specifically, during meta-training, each task involves a head
node as the query, with the objective of learning a regression
prior such that the prior can be adapted by the support nodes
to accurately reconstruct the oracle embeddings of the query.
During meta-testing, each task involves a tail node as the
query, and the learned prior will be adapted by the support

nodes before predicting a better embedding vector for the
query. To make the meta-training and meta-testing tasks more
similar, we again adopt link dropouts to sample only a few
neighbors as the support set during meta-training, to simulate
meta-testing tasks on tail nodes. Essentially, each task is a
few-shot regression problem.

To address the third challenge of node heterogeneity on
HINs, building upon the preceding two mechanisms of oracle
embedding reconstruction and locality adaptation, we further
account for and differentiate the node types. First, for oracle
embedding reconstruction, we extend the regression model
by further distinguishing neighboring nodes in terms of their
types. Thus, the node heterogeneity can be integrated into
the reconstruction process. Second, for preserving the local
contexts of each node, nodes of the same type tend to share a
common “schema” of locality adaptation. Thus, to absorb the
heterogeneity into localization, we propose a dual-adaptation
mechanism for nodes on a HIN w.r.t. both their node type
and locality, respectively performing the type- and node-level
adaptations. For type-level adaptation, we modulate the prior
w.r.t. the node type of a target node by scaling and shifting
operations [12], [13]. For node-level adaptation, we still resort
to the same meta-learning (i.e., MAML) paradigm to capture
the individual locality of each node.

In summary, we propose a novel approach meta-tail2vec and
its extension on HINs meta-tail2vec+, which learn to learn tail
node embeddings in a few-shot regression setting. The models
operate in an embedding-agnostic manner, which is flexible
to work with any network embedding model. Specifically,
our contributions can be summarized as follows. (1) We
formulate the novel problem of learning tail node embeddings
on networks, and cast it as an instance of regression via oracle
reconstruction. (2) We propose a base regression model hinged
on the concept of link dropouts, and formulate the locality-
aware tasks on networks in a meta-learning framework, which
allows for easy local adaption of the base model. (3) We
further extend the proposed model to HINs and formulate
meta-tail2vec+, hinged on a dual-adaptation mechanism for
both type- and node-level adaptations, to capture both the
heterogeneity and locality of a target node. (4) We conduct
extensive experiments on five public datasets, including three
homogeneous graphs and two HINs, in which both meta-
tail2vec and meta-tail2vec+ achieve significant performance
gains.

A preliminary version of this paper has been published as a
conference paper in CIKM’2020 [14]. We summarize the main
changes as follows. (1) Introduction: We reorganized Section
I to highlight the motivation, challenges, and insights to cope
with HINs for tail node embeddings. (2) Related Work: We
reviewed more related work especially on HINs in Section
II, to present a detailed background on HINs. (3) Model:
We extended meta-tail2vec to meta-tail2vec+ in Section IV-D,
based on heterogeneity-aware neighborhood aggregation and
a novel mechanism of dual-adaptation. (4) Experiments: We
conducted extensive experiments to evaluate meta-tail2vec+ in
Section VI, and analyzed the results in detail.
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II. RELATED WORK

Network embedding [15] has been popular for graph repre-
sentation learning, and various approaches have been proposed
to generate structure-preserving node embeddings, such as
random walks [1], [16], matrix factorization [17], [18], node
proximity [19], and motifs or subgraphs [20], [21]. Graph
neural networks (GNN5) [2], [4], [13] emerge as another pow-
erful tool for representation learning, which are designed to
integrate both node features and network structures. To capture
the heterogeneity on HINs, an increasing number of recent
studies investigate the heterogeneous network embeddings [7],
[22], which usually embody the model by capitalizing on type-
based meta-patterns, such as metapath [23], [24], metagraph
[21], [25], etc. The widespread application of GNNs opens
great opportunities for representation learning on HINs, thus
several contributions of HIN-based GNNs [26]-[28] have also
been devoted.

However, little attention has been paid to the learning of
tail node embeddings. While several recent studies explore
various techniques to deal with sparse networks, such as
using dual dropouts to avoid overfitting [29], adopting the
adversarial principle to learn the underlying distribution [30],
[31] and leveraging the global network structure [32], they
aim to increase the overall robustness and do not specifically
target the most vulnerable tail nodes. Meanwhile, some studies
deal with sparse observations in other domains, such as cold-
start recommendation [5], [33], [34] and rare word embedding
[6], [10], [35]. However, these methods rely on additional
side information, such as item contents or word morphology.
Though Tail-GNN [36] also addresses the same problem, it
cannot cope with the tail node embeddings on heterogeneous
graphs.

Several recent studies [37], [38] investigate the degree-
related discrimination of nodes, and process nodes differently
w.r.t. their degrees. However, they still focus on the overall
performance, and do not particularly aim to improve the
performance of tail nodes, which belong to a more challenging
group. There have also been explorations of degree-related
fairness learning on graphs [39]-[41], a concept distinct from
our tail node embedding task. They primarily aim to achieve
fair predictions across different groups by treating node de-
grees as a sensitive attribute. These studies typically employ
pre-defined fairness metrics to balance loss discrepancy [39],
accuracy discrepancy [40], or prediction discrepancy [41]
across groups. In contrast, our work on tail node embedding
specifically focuses on improving the performance of nodes
with low degrees, rather than reducing discrepancies across
groups. Besides, imbalanced classification has also attracted
much interest in several research areas such as vision [42]—
[44] and graph [45]-[47]. However, imbalanced classifica-
tion in graphs aims to improve the performance of minority
classes, which are characterized by having fewer labeled
data compared to the majority classes. In contrast, tail node
embedding aims to enhance the performance of tail nodes,
which are characterized by their low degree rather than class
membership.

To address the general problem of learning from less

data, particularly in few-shot scenarios, meta-learning [9],
[48], [49] has demonstrated considerable success in several
domains including vision [48], language [10], [50] and data
mining [11], [51]. These methods typically learn some prior
knowledge from an abundant number of related tasks, and
adapt the prior to new tasks with limited data. Few-shot
learning on graphs has also been explored, including node
classification on a single large graph [52], [53], and node or
graph-level classification on multiple graphs [54], [55]. These
methods primarily aim to achieve favorable performance on
novel classes with limited labeled data, rather than to address
the improvement of low-degree nodes. To the best of our
knowledge, our approach is the first use of meta-learning for
tail node embedding.

III. PROBLEM CASTING AS REGRESSION

We begin with the problem statement, and cast it as an in-
stance of regression based on the idea of oracle reconstruction.

A. Problem Statement

In this paper, we focus on tail node embeddings for both
homogeneous and heterogeneous networks. Without loss of
generality, we first give a unified definition for both of them.
Consider a graph G = (V;E;T;R), where V is the set of
nodes, E is the set of edges, and T and R are the node and
edge types, respectively. In particular, there exist a function
vV I T tomapanodeVv 2V toits node type v(V) 2 T,
and a function g : E ¥ R to map an edge € 2 E to its
edge type “e(e) 2 R. For a homogeneous graph, we have
jTj = 1 and jRj = 1; while for a heterogeneous graph, we
have jT j+ jRj > 2.

Let Ny denote the set of neighbors of node v 2 V, and the
size of the neighbor set jNyj is known as the degree of v. In
particular, v is a low-degree or fail node if its degree is no
larger than some constant K. That is, the set of tail nodes is
Vit = v 2V 1 jNyj  kg. We call the remaining nodes head
nodes: Vpeaq = v 2V 1 jNj > Kg.

Given any base network embedding model , we denote
hy = (G;v) 2 RY as the d-dimensional embedding vector of
node V. Since the tail nodes have scarce structural features
due to their small degrees, presumably their embeddings
fhy : v 2 Vyg are inferior in quality to the embeddings
of the head nodes O = fhy : V 2 Vyeqg. Our goal is to learn
new embedding vectors for the tail nodes fﬁv DV 2 Vg,
such that their quality is improved to eventually approach the
quality of the head nodes’ embeddings O. Note that our setup
is embedding-agnostic, i.e., any embedding model can be
used as the base embedding model.

B. Regression via Oracle Reconstruction

A major challenge of learning tail node embeddings lies in
the limited structural information. That is, each tail node only
has a few observed neighbors. Without assuming additional
side information (e.g., item contents in recommendation sys-
tems), we take advantage of the high-quality embeddings of
head nodes, and investigate how high-quality embeddings can
be similarly constructed for the tail nodes.
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Fig. 2: Training a regression model to predict node embed-

dings reconstructed from neighboring nodes.

Specifically, we propose to cast the problem as an instance
of regression. We train a regression model F on the head
nodes, treating their embeddings O, which are learned by
the base embedding model , as the oracle embeddings
w.rt. . Given any head node v, F(v; ) outputs a new
predicted embedding A, to approximate its oracle embedding
hy 2 O. In other words, F is expected to reconstruct the
oracle embeddings O of the head nodes, regardless of how
the base embedding model works. Formally, we optimize the
parameters  of the regression model F by

P 2
vavi KF (V) huk®: (1)

Note that here we use the Euclidean norm k K, although other
distance functions can also be adopted.

After training, F can be applied to the tail nodes as test
instances, so as to predict their unknown oracle embeddings,
supposedly attaining similar quality as O. The improved
embedding vectors of tail nodes can be subsequently used as
representations for downstream tasks such as node classifica-
tion and link prediction for better performance.

argmin

IV. META-LEARNED FEW-SHOT REGRESSION

In this section, we first introduce a regression model to pre-
dict new embedding vectors for tail nodes, then personalize the
regression for each node by formulating node-wise locality-
aware tasks, and present the overall meta-learning approach
meta-tail2vec. Furthermore, we extend meta-tail2vec to meta-
tail2vec+ to handle the heterogeneity on HINS.

A. Embedding Regression Model

As shown in Fig. 2, we materialize the regression model
F(v; ) to reconstruct the oracle embedding h, of a node v,
with the widely used Multi-Layer Perceptron (MLP):

Av=F(;, )=W, (Wix,+b)+by (2

where Xy 2 RY is the input feature vector of node v. The
parameters of the MLP include W7 2 Rd2 di W, 2 Rd d2
b, 2 RY2 and b, 2 Rd, ie., = le;Wz;bl;bzg. ()
is an activation function, and we adopt ReLU in this paper.
Note that the size of the output layer is d, the same as the
embedding dimension of the nodes. For a node v, the input to
the MLP is a feature vector Xy. In the following, we discuss
the formulation of the input feature vector.

1) Neighborhood Aggregation: On a network, a node V is
characterized by its context or its neighbors set, Ny.. Naturally,
we can aggregate the embeddings of the neighbors to construct
its input feature Xy, an idea similar and central to many GNNs
[2], [4], as

Xy = AGGR(Th; : i 2 N,Q); 3)

where AGGR() is an aggregator, e.g., mean pooling. Gener-
ally, we can also aggregate nodes within m hops of v, as
shown in Fig. 2. Defining the m-hop neighbor set of v as

S

NG™ = i2

ngm- Ni; “)

and N\fl) Ny, the input feature X, can be constructed as

Xy = AGGR(Fh; : i 2N® [N® [::: [NMg): (5

Note that, although advanced strategies such as tree-LSTMs
[56] and graph convolutions [2] may be employed to aggre-
gate multiple hops, we adopt the simple mean pooling to
demonstrate the effectiveness of our approach. In this specific
strategy, the dimension of the input feature vector X, is the
same as the node embedding dimension, i.e., d; = d.

2) Link Dropouts: One major flaw of such an input vector
Xy 1is that the head nodes in training and the tail nodes
in testing possess very different neighbor sets in terms of
their abundance, i.e., jNyj jNyj for some V 2 Vje,q and
U 2 Vy. To make the training and testing nodes more similar,
we perform link dropouts on the head nodes. Specifically,
we randomly sample only K neighbors of each head node
for aggregation, to simulate the tail nodes. That is, given
the sampled neighbors ¥, of a head node v, for one-hop
aggregation we have

Xy = AGGR(Fh; i 2 My0); 8V 2 Viead: (6)

The idea of link dropouts draws an interesting parallel
to DropoutNet [33]. However, we do not assume any side
information employed in DropoutNet like user contents, which
means our problem is more challenging and we can only drop
the structural information partially.

B. Locality-Aware Few-Shot Regression Tasks

When applying the regression model on all nodes, it ignores
the unique locality of each node. As nodes reside across
different localities on the network, assuming one global model
to fit all nodes is unrealistic. At the other extreme, learning
an individual model for each node, including the popular pre-
training and fine-tuning strategy [57], is likely to cause severe
overfitting due to the limited structural information at the
locality of each tail node.

1) Locality-Aware Support Sets: To address the challenge
of adapting to the locality of each node, we resort to the
episodic meta-learning paradigm [8], [9]. The framework con-
sists of many similar-natured learning tasks, divided into meta-
training and meta-testing tasks. While each task is an instance
in the meta-learning process, each task itself is a learning
problem consisting of support and query sets (representing
the usual sense of training and testing data, respectively). The
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Fig. 3: Overall framework of our locality-aware tail node

goal of meta-learning is to extract prior knowledge common
to all tasks in meta-training, such that the knowledge can be
quickly adapted to new tasks in meta-testing. In other words,
it learns how to learn a task in the form of a common prior,
instead of directly learning each task.

In our context, each task represents the unique locality of a
node. At the task level, given a query node, we aim to predict
its embedding vector after training on a set of support nodes.
At the meta-learning level, we learn a prior regression model
F parameterized by  from the meta-training tasks where the
query of each task is a head node, and further adapt the prior
to the learning of new tasks in meta-testing where the query of
each task is a tail node. However, in traditional meta-learning
tasks [9], [52], the support set for a query is randomly sampled.
In such random sampling, the support set is not related to
the query, and thus cannot reflect the unique locality of each
query node. To generate locality-aware tasks, we propose to
use the neighbors of the query node as the support nodes.
The assumption is that the localities of neighboring nodes are
similar, and thus training on these support nodes would be
also applicable to the query node which lies in the vicinity of
the support nodes. In other words, in each task, the support
and query nodes are coupled based on their locality.

2) Formulation of Few-Shot Tasks: As the neighbor sets of
head and tail nodes differ vastly in size, a meta-training task
with a head node as the query has many support nodes, while a
meta-testing task with a tail node as the query has few support
nodes. To make the tasks more similar, we again adopt link
dropouts by only sampling K neighbors as the support set for
meta-training tasks to simulate meta-testing tasks. Thus, each
task becomes a few-shot (up to K shots) regression problem,
to predict the embedding vector of a query node from a few
(up to k) support nodes.

We illustrate the task formulation with an example. As
shown in Fig. 3(a), assuming K = 3, v and U is a head
and tail node, respectively. On the one hand, the head node
v will be used to formulate a meta-training task: Vv itself
will be the query node, whereas we sample k nodes from
Vv’s neighbors N, = fa;b;c;d;eg, to form the support set

(c) Locality-aware meta-learning

embedding model meta-tail2vec. (Best viewed in color.)

M., say, I, = fa;b;eg. On the other hand, the tail node u
will be used to formulate a meta-testing task: u itself will be
the query node, whereas we simply take all of U’s neighbors
Ny, = fX;y;zg as the support set. More example tasks are
illustrated in Fig. 3(b).

Formally, for each head node v, we define a meta-training
task Ty = (Sy;qv) where S, = f(i;h;) : i 2 Nyg is the
support set, and gy = (v; hy) is the query. For each tail node
u, we define a meta-testing task Ty = (Sy;qu) where Sy
f(i;h;) : i 2 Nyg is the support set, and g, = (u;?) is the
query, where the embedding vector of U is unknown and to be
predicted. Thus, the set of all meta-training tasks is Ty =
TF(Sv;Qv) : V 2 Vheaad, and the set of all meta-testing tasks is
Teest = F(Su; qu) 1 U 2 V0.

In practice, we further ensure that all nodes in the support
sets are head nodes, so that they all associate with an oracle
embedding for adaptation to the regression model. Specifically,
in meta-training, we only sample head nodes from the neigh-
bors as the support; in meta-testing, we filter tail nodes from
the support. In the rare case that all of a tail node’s neighbors
are also tail nodes, we will not attempt to improve its original
embedding.

C. Meta-Learning of Tail Node Embeddings

We employ MAML [9] for the meta-learning of tail node
embeddings, which is capable of learning a prior  for any
model using gradient-based optimization. In our case, the prior
is the embedding regression model F, parameterized by
Different from the simple pre-training of a model, the prior
is learned in such a way that  can be quickly adapted to a
new task by performing just one or a few gradient updates on
the support set of the new task. The model ° adapted from
the prior , is a local model for the query node in the same
task.

More specifically, in our meta-training, consider a task T, =
(Sv:qv). As shown in Figs. 3(b) and (c), the prior itself
is not directly updated or optimized by the support set S,.
Instead, it will be adapted by S, to produce a local model

0 for the query Vv, through one or a few gradient updates
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w.r.t. Sy’s loss. The adapted local model ¢ will be applied

to the query Vv to predict an embedding vector Ay, so that the
prior  can be updated by minimizing the task loss, i.e., the
distance between the predicted embedding A, and the oracle
embedding hy of query node v.

Formally, let the loss of the prior on the support set S, be

P .
Ls,( )= (i;hi)zska(l; ) hik?: (7N

will be adapted by S, by one (or a few) gradient
O for the task Ty, as,

The prior
updates to generate a local model

9/ @LZ)V( )’ (8)
where is the learning rate for the adaptation. Afterwards, the
local model ! will be applied on the query Vv, to calculate

the task loss using the query gy:

Lo, ( 3) =KF(v; %)

Subsequently, the prior  can be updated during meta-training
by minimizing the query-based total loss of all meta-training
tasks. Given the set of meta-training tasks Ty, We optimize
the following to obtain the optimal prior:

hyk?: )

@Ls, ()
@

argmin (10)

Tu=(SvGv) 2 Ton v

Furthermore, in meta-testing, consider a task T, = (Su; Qu)-
The prior , learned from meta-training, will be adapted on the
support set Sy, to produce a local model !, in the same way as
Eq. (8). And !, will be simply applied on the query U, which
is a tail node, to predict a new embedding ﬁu =F(u; Ou) as
the output of meta-tail2vec.

Complexity of data access. As training is performed over
mini-batches of tasks, the time cost of our meta-training
process depends on the total number of tasks N passed
through, where each task contains up to K support nodes
and the embedding of each node is aggregated from m-hop
neighbors. Thus, the overall complexity is O(Nkn™), where
n is the average degree of nodes. Typically m is a small
constant such as 1 or 2, and K is also small by the definition
of tail nodes. Furthermore, it is also common to perform
neighborhood sampling [4] during the m-hop aggregation, and
thus the average degree n is also effectively restricted to a
constant. Note that the complexity analysis here is conducted
from the perspective of data access. To provide a more compre-
hensive understanding, we will extend this analysis to include
the complexity associated with representation computation in
Sect. IV-E.

D. Extension to HINs: meta-tail2vec+

For tail node embeddings on heterogeneous graphs, we
further extend meta-tail2vec onto HINs to cope with the
heterogeneity, and propose meta-tail2vec+. We follow the
same paradigm of meta-tail2vec for tail node embedding on
HINs, but introduce improvements to the two main modules,
i.e., embedding regression based on neighborhood aggregation,
and locality-aware meta-learning, to handle the heterogeneous
types on HINSs. First, for the embedding regression of a target

node, the types of its m-hop neighbors are taken into consider-
ation to discriminate their different roles. Second, for locality-
aware meta-learning, we propose a dual-adaptation mechanism
that extends the node-level adaption with an additional type-
level adaption.

1) Heterogeneity-Aware Neighborhood Aggregation: On a
HIN, each node is structurally characterized by its context
(e.g., neighbors within m hops). Particularly, neighboring
nodes of different types usually contribute differently, thus
requiring non-uniform treatment w.r.t. their types during neigh-
borhood aggregation. As a consequence, different from Eq. (5)
for homogeneous graphs, given a target node V on a HIN,
we first perform a type-wise aggregation on its neighboring
nodes of the same type to obtain X,,. Then, we aggregate
all the types to generate a heterogeneity-aware feature vector
Xy 2 RY% for v, which can serve as the input for the
embedding regression model in Eq. (2). Formally, the input
feature vector X of node v can be calculated as

Xy = AGGR(fW X, :8 2TQg);
where X, = AGGR(Fh; : i 2 NJ" ™ 7y (i) = 0):

(1)
(12)

Here 2 T is a node type, NJ" = N\Sl) L Nv(z) [::: L
M) s the set of v’s neighboring nodes within m hops, and
T =fw 2 R% % :8 2 Tgis the set of learnable

weights across all the types T. Under this formulation', the

heterogeneity of the neighboring nodes is captured, thereby
characterizing the heterogeneous semantics of the target node.

Subsequently, we also utilize the same regression model in
Eq. (2) to further materialize few-shot regression, which will
be illustrated in Sect. [V-D2.

2) Dual-Adaptation based Few-Shot Regression: As dis-
cussed in Sect. IV-B, we construct a group of meta-learning
tasks for locality-aware adaptation. Compared to homoge-
neous graphs, on a HIN it is crucial to also account for
the heterogeneity in the adaptation mechanism. Naturally, the
node types should be taken into account when constructing a
meta-learning task, to facilitate a more consistent adaptation
from the support set to the query. The type-aware tasks are
further equipped with a dual-adaptation mechanism, which are
adapted not only at the node level to tailor to the tail nodes,
but also at the type level to suit different types of tail nodes.

Type-aware task construction. First, we leverage nodes of
the same type to build the support and query set in each meta-
learning task, based on the intuition nodes of the same type
tend to share the same role or underlying pattern. Thus, the
support set that shares the same node type with the query could
provide a more consistent reference for the model adaptation.
Formally, for each head node v 2 Vj,q on a HIN, we define
a meta-training task T,% = (SJ7; qy) such that S = f(i; h;) :
i 2,7 y(i) = 7v(v)g is the support set, and g5 = (v; hy)
is the query. That is, all the nodes in support set S and query
gy share the same type, i.e., >v(v). Similarly, for a tail node

U 2 Vi1, we define a meta-testing task T} = (S7; q;), where

'Only aggregation by node types are illustrated here, while it is also possible
to extend to edge types (if any) by aggregating neighboring nodes based on
their edge type to the target node. For brevity, we only focus on the node
types in the technical discussion.



IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING

= f(i;hj) : i 2 Ny ™ ?v(i) = "v(u)g is the support
set, and g5 = (u;?) is the query. In both meta-training and
testing tasks, as the support set is sampled from the one-
hop neighbors for locality awareness (see Sect. IV-B1), it
could lead to the scenario where all one-hop neighbors belong
to different types from the target node. In such a case, we
can extend the definition of support set to include two-hop
neighbors Finally, we can construct a set of meta-training
tasks T tmm =1(S;;07) : V 2 Vpeadd, and a set of meta-testing
tasks Ty = F(SZ;01) 1 U 2 Ve0.

Type-level adaptation. On a homogeneous graph, recall that
we only adapt the prior  into a local model , for each task
Ty, which is a node-level adaptation as we attempt to adapt
the task to the locality of its query node V. However, given
type-aware meta-learning tasks on a HIN, it is insufficient to
perform only node-level adaptation, which overlooks the type
heterogeneity across meta-learning tasks. To address this, we
propose a dual-adaptation mechanism for type-aware meta-
learning tasks at both the type and node levels.

We start with the type-level adaptation. MAML could
potentially be utilized at the type level too, although it might
prove challenging to apply in this context. Fundamentally,
MAML aims to transfer a prior learned from a “base set” to a
“novel set”. In the vanilla meta-tail2vec, the base set involves
the head nodes in meta-training, and the novel set involves
the tail nodes in meta-testing. However, when dealing with
the heterogeneous types, it is unclear what could be the base
set and novel set, since the number of types is often small
and they are known in advance on a typical heterogeneous
graph. Furthermore, to construct the support sets, some labeled
data are still needed. In the vanilla meta-tail2vec, the high-
quality embeddings of the head nodes are treated as the oracle
embeddings, providing ground-truth labels. In contrast, given
heterogeneous types, there are no clear oracle embeddings
associated with a type. Hence, MAML is not an ideal choice
here. Instead, we resort to Feature-wise Linear Modulation
(FILM) [12], [13] for the type-level adaptation, which does
not require a base set and a novel set, or the construction of
support sets.

Specifically, given a type-aware task T," = (S;;qy), we
first apply a FILM layer to customize it to local types associ-
ated with the task. More concretely, the FiLM layer modulates
the parameters of the shared regression model in Eq. (2),
conditioned on the type signature of the task. Modulating a
shared model is a better choice than fitting individual models
to distinct type signatures. On one hand, sharing a common
regression model across tasks can capture the generality, while
the modulation conditioned on type signatures empowers the
type-level adaptation to capture heterogeneous semantics on
a HIN. On the other hand, fitting individual models not only
ignores the commonality among tasks, but also tends to overfit
to individual type signature and incurs a significant overhead.

Common modulation operators include scaling and shifting,
which are applied to all the learnable parameters of the regres-
sion model, namely, W1; W5; b; and b. In the following, we
take W as an example to explain the modulation mechanism,
while the other parameters (W,; by and b) follow a similar

process.
For the weight matrix W; 2 RY% % in Eq. (2), we
transform it into Wy, 2 R92 9 for the task T,', as follows.

(W +1) a.]” + B ol

where AW+ and BW* 2 RY are scaling and shifting oper-
ators to modulate W into WY for adaptation, the notation
[(X) n] 2 R™M M represents a matrix of N columns all of
which are identical to the vector X, and denotes element-
wise multiplication. Here the scaling and shifting operators
~AWi and W are not directly learnable, but are calculated
by a secondary neural network [58] conditioned on the type
signature of the task T, to enable type-level adaptation, as
follows.

Wiy =W, 13)

(14)
15)

W't = LEAKYRELU(W,, 0, + Uy pv);
v'* = LEAKYRELU(W,, 0, + Uy pv);

where WWl, WWl, UWl and UWl 2 R9: ITJ gre learnable
weights. The input 0, and py represent the type signature of
T, . Specifically, o, 2 RITJ is a vector with each dimension
corresponding to the number of neighboring nodes of each
type (within m hops); py 2 RITJ is an indicator vector in
which only the dimension corresponding to (V) is one
while the others are zeros. Together, 0, and py characterize
the distribution of node types associated with the task T,
on which the modulation is conditioned to enable type-level
adaptation. Lastly, 1 2 RY is a vector filled with ones
to ensure the scaling factors centered around one. Likewise,
W5>; b; and b, can be modulated into Wo.y; b1,y and by.,
for the task T,” = (S ; 0y ), respectively.

Finally, in a type-aware task T,” on a HIN, we can predict
the embedding of the query v, denoted by ﬁ:,r 2 RY, by
rewriting Eq. (2) with modulated regression parameters:

A7 =F(; ) =Wz  (WaiyXy +biy) + by (16)

where = TW1.y; Wa.y; b1.y; b2y g represents the regres-
sion parameters tailored to the task T, . Note that  are not
directly learnable, as they are generated by the FiLM layers
with learnable parameters "™ =fW ;W ;U ;U g.

Node-level adaptation. We employ the same MAML-based
meta-learning paradigm to localize the prior w.r.t. the query
v in a task T, , in the same spirit of Eq. (10). The main
difference lies in what constitutes our prior on a HIN. In
Eq. (10), the prior  boils down to the learnable parameters
of the embedding regression model. In the extended meta-
tail2vec+, the parameters are expanded in order to handle
the heterogeneity on a HIN. The additional parameters come
from two sources: (1) Our heterogeneity-aware neighborhood
aggregation in Eq. (11) requires a type-specific weight matrix
for each type, i.e., ' =FfW :8 2 Tg;(2) Our FiLM layer
for type-level adaption involves several secondary networks to
generate the modulations for the shared regression model, i.e.,

FIM = fW ;W ;U ;U g. Hence, in meta-tail2vec+, the
priorwouldbe *=( ; T; FiLM) which can be optimized
on the set of meta-training tasks T,_". following the same loss
in Eq. (10).

train
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E. Complexity Analysis

The proposed two models, meta-tail2vec and meta-
tail2vec+, predict refined node embeddings ﬁ\,; ﬁ\“,L 2 RY as
shown in Egs. (2) and (16), respectively. Herein, we provide a
comparison of the complexities of these two models, focusing
on the computation of the refined node embeddings, since
the MAML-based framework is common to both models and
would not impact the relative comparison between them.
We highlight that in Sect. IV-C, we have already provided
a complexity analysis for meta-tail2vec from a data access
perspective. Subsequently, we will offer a more in-depth
complexity analysis of these models, from a representation
computation perspective.

meta-tail2vec. Assuming an average degree of n, where each
node’s feature vector X, 2 R% is aggregated from its m-hop
neighbors as described in Eq. (3), which entails a complexity
of O(N™Md,). To further compute Ay, the two layers in Eq. (2)
contributes a complexity of O(d, dy +d dy). Hence, the
overall complexity of calculating Ay is O(N™dy+d, d; +d
dz). As Xy is aggregated via a simple mean pooling, we have
d = d; and the overall complexity simplifies to O(n™Md; +
d> di). Typically, m is a small constant (e.g., 1 or 2), and
N is also small per the definition of tail nodes.

meta-tail2vec+. In addition to the calculations in meta-
tail2vec, the extended model on HINs, meta-tail2vec+, re-
quires two further operations: heterogeneous aggregation and
type-level adaptation. On one hand, for meta-tail2vec+ builds
upon the homogeneous aggregation with a complexity of
O(n™Mdy), while introducing an additional heterogeneity-
aware neighborhood aggregation in Eq. (11). This increases
the complexity to O(N™d; +n™Md?) = O(n™Md?) because each
neighboring node requires a multiplication with the matrix
W 2 R% % based on the type . On the other hand,
for type-level adaptation, meta-tail2vec+ needs to modulate
the regression parameters = FWy;b1;W5; bog into their
localized versions. More precisely, to compute WY in Eq. (13),
we should first compute Wi and W2, which involves com-
plexity of O(d1jT j). Thus, the calculation of WY has the
complexity of O(d,jT j+d, d1) after performing the scaling
and shifting. Similarly, the calculation of WY, b} and b}
involves complexity of O(d2jT j+d dz), O(d2jT j+dy) and
O(djT j +d), respectively. Thus, the total complexity of type-
level adaptation is O((d+d;+d,)jT j+d2(d;+d)). Asd =dj,
it can be further simplified to O((dy + d2)jTj +dy  d1).
Overall, the calculation of AF amounts to O(N™d3 + (dy +
dz)jTj +d, dl)

To summarize, compared to meta-tail2vec, to predict the
node embedding, meta-tail2vec+ increases the complexity by
O(nN™Md2 + (dy +dy)jT j). Considering that n and m are small
constants, the incremental complexity is primarily related to
the embedding/hidden dimensions d; and dy, and is linear in
the number of types jT j on the HIN.

V. EXPERIMENTS ON HOMOGENEOUS GRAPHS

In this section, we conduct node classification and link
prediction on three public benchmark homogeneous graphs,
to evaluate the performance of meta-tail2vec.

TABLE I: Summary of homogeneous datasets.

nodes edges  classes multi-label tail nodes
Wiki | 2,405 17,981 19 No 1,069
Flickr | 80,513 5,899,882 195 Yes 9,367
Email | 1,005 25,571 42 No 235

A. Experimental Settings

1) Datasets: We conducted experiments on three public
datasets. (1) Wiki [3] is a Wikipedia network, where each node
is a page, and each edge represents the hyperlink between
pages. Each page belongs to one of the 19 categories. (2)
Flickr [1] is a network of users of the photo-sharing service,
where each node is a user, and each edge represents the friend-
ship between users. Every user belongs to one or more interest
groups, such as “scenic photos”. (3) Email [59] is an e-mail
network between members of a European research institution,
where each node is a member, and each edge represents the
communication between members. Every member belongs to
one of the 42 departments. Their statistics are summarized in
Table 1. Note that we regarded nodes with 5 or fewer links as
the tail nodes, i.e., fv 2V : jN,j 5g.

2) Base Embedding Models: Our approach meta-tail2vec is
flexible to work with any embedding model. We experimented
with two broad categories of base embedding models. First,
we employ classic network embedding approaches and graph
neural networks.

DeepWalk [1]: a pioneering, widely adopted network embed-
ding model, which samples an equal number of paths from
each node, and feeds these paths into a skip-gram model to
learn node embeddings.

GraphSAGE [4]: a GNN that performs graph convolutions
to aggregate features from neighbors recursively. For node
features, we use node embedding vectors from DeepWalk
and node degrees. We adopt its self-supervised version to
learn the initial base embeddings.

Second, we employ embedding models for sparse networks.

SDNE [32]: a deep network embedding model that is
robust for sparse networks, by incorporating global network
structures in addition to local structures.

ARGA [31]: an adversarially regularized graph autoencoder,
which achieves robust embedding by learning the data
distribution of latent codes on the graph.

DDGCN [29]: a graph convolutional network with a form
of dual dropouts at both the node and edge levels, to more
effectively reduce overfitting on sparse networks.

Setup and parameters. To ensure the base models achieve
their respective optimal performance, we performed a grid
search to tune their parameters (optimal values in italics). For
DeepWalk, we searched the number of walks 2 £5, 70, 20g,
walk length t 2 40, 100, 150g and window size w 2 f3, 5g.
For GraphSAGE, we adopted a two-layer architecture, chose
the aggregator from fmean, meanpool, maxpoolg and tuned
the dimension of the hidden layer over 32, 64, 128g. For
SDNE, we searched the weight of local structures (as opposed
to global structures) 2 50, 100, 1509 and the weight of
reconstruction 2 F10, 30, 50g. For ARGA, we tuned the



IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING

dimension of the hidden layer over 16, 32, 649. For DDGCN,
we tuned the dropout probability p 2 0.1, 0.3, 0.5g, and dual-
dropout coefficient 2 0.1, I, 59. The optimal parameters
found are generally consistent with the recommended values
in the literature. For all models, the dimension of embedding
vectors is set to 128.
3) Baselines for Tail Node Refinement: We compared with
a series of baselines that are also designed to improve tail node
embeddings.
Biased walk: As tail nodes are under-represented, we over-
sampled random walks starting from the tail nodes. This
method is only applicable to DeepWalk and GraphSAGE,
since the other base models do not utilize random walks.
Additive [60] aggregates the embeddings of the neighboring
nodes as the output embedding for a tail node. We also
compared to Additive-2 which aggregates the embeddings
of neighboring nodes within 2-hops.
a la carte [61] is a further extension of the additive model,
with a transformation through an auxiliary regression task.
Similarly, we also compared to a la carte-2, which aggre-
gates the embedding of 2-hop neighbors.
Nonce2vec [62] constructs a better initialization with the
additive vectors, and performs another round of training
using the corresponding base embedding model.
Dropout: Inspired by DropoutNet [33], for each head node
we sampled only K neighbors, which were further fed into
an auxiliary regression task.

Setup and parameters. The goal is to predict new embedding
vectors for the tail nodes by meta-tail2vec and each baseline
refinement method, w.r.t. the initial embedding vectors from
each of the base embedding models.

For biased walk, we doubled the paths starting from the tail
nodes compared to the head nodes. For Additive, a la carte and
Nonce2vec, we used mean pooling as the aggregation function,
which yields better empirical performance than min or max
pooling. For a la carte and Dropout, the auxiliary regression
tasks used the same regression model in our approach. For
Nonce2vec, with DeepWalk, SDNE, and ARGA as the base
embedding models, the improved initialization was directly
used as a pre-training; with GraphSAGE and DDGCN, the
improved initialization was used as nodes’ initial feature
vectors.

For our method meta-tail2vec, we set , the local learning
rate of adapting to the support set to 0.01, and set the global
meta-learning rate to 0.001. Note that it is typical to employ
a larger local learning rate in order to achieve stable training
[9], [52]. The number of gradient updates during adaptation
was set to 5, noting that few updates such as 1 or 3 give very
close results. In the regression model F, we set the size of
the hidden layer of the MLP to 1024, and aggregated nodes
within 2 hops. We will also analyze the impact of the number
of hops in Sect. V-C.

4) Downstream Applications: We experimented with two
downstream applications on the three homogeneous datasets.

Node classification. We carried out multi-class classification
on Wiki and Email where each node belongs to exactly one
class, and multi-label node classification on Flickr where each

node can belong to one or more classes. Specifically, we
evaluated the classification performance on the tail nodes, after
training a logistic regression classifier on the head. The pre-
dicted embeddings of the tail nodes and the oracle embeddings
of the head nodes were used as their input features for the
classifier, respectively. We adopted microF and accuracy as
the evaluation metrics.

Link prediction. For nodes with 2-6 links, we adopted the
common leave-one-out strategy by first removing a random
link from each of them (which becomes a tail node with 5 or
fewer links). Our goal is to predict the removed link. On the
partial network, we constructed initial embedding vectors us-
ing each base embedding model, and predicted new embedding
vectors for the tail nodes with our method and each baseline
refinement method. For each tail node, we treated the removed
link as a positive candidate, and randomly sampled five other
non-linked nodes as negative candidates. Link prediction was
then formulated as a ranking problem: given a tail node, we
rank its candidates using a learning-to-rank model [63] trained
on the head nodes. Likewise, the predicted embeddings of the
tail nodes and the oracle embeddings of the head nodes were
used as their features, respectively. We adopted the evaluation
metrics of mean reciprocal rank (MRR) and hit ratio at top 1
(Hit@1).

B. Performance Comparison

We present the performance of meta-tail2vec and the base-
lines w.r.t. each base embedding model. As our goal is to
improve tail node embeddings, we mainly focus on comparing
the performance on the tail nodes. Nevertheless, to further
demonstrate that head node embeddings are not adversely im-
pacted, we also investigate the performance on the head nodes.
Note that all results are averaged over 10 runs and reported
with their standard deviations; the best method appears in bold,
and the runner-up is underlined.

1) Comparison of Tail Node Embeddings: We first study
classic base embedding models that are not specifically de-
signed for robustness on sparse networks, followed by robust
base models designed for sparse networks.

Classic base models. We report the performance of node
classification in Table II w.r.t. classic base embedding models
DeepWalk and GraphSAGE, respectively. On the one hand, our
meta-tail2vec achieves significant improvements over the base
embedding methods consistently, by 7.7%—-10.9% w.r.t. Deep-
Walk and 9.3%-13.3% w.r.t. GraphSAGE in terms of MicroF.
The results demonstrate that tail node embedding is a critical
problem to address, and our proposed approach is indeed
useful in refining the tail node embeddings. On the other hand,
meta-tail2vec also outperforms other refinement baselines,
gaining performance lifts in the range of 5.3%-11.3% over
the best baseline in terms of MicroF. These baselines are sub-
optimal as they only assume one model for all tail nodes,
whereas meta-tail2vec can attribute its strong performance to
the locality adaptation to each node under a meta-learning
framework. In particular, the 2-hop variants of Additive and a
la carte are often worse than their 1-hop models, which may be
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TABLE II: Performance of node classification w.r.t. classic base embedding models.

Base Biased walk Additive Additive-2 a la carte a la carte-2 Nonce2vec Dropout meta-tail2vec Improv. dover
Base  2"¢ best
DeepWalk as the base embedding model
Wiki MicroF || 4427 025 ]44.69 031 4532 052 4211 0.76 23.65 044 2334 047 4497 029 3688 0.65]49.10 023 +10.9% +8.3%
Accuracy || 46.68 031 | 47.05 0.17 47.18 029 4473 053 24.17 049 2448 042 47.11 022 3813 0.57|50.70 045 +8.6% +7.5%
Flickr MicroF || 3348 026 |33.61 039 3443 041 3259 0.17 31.89 047 3225 035 33.83 028 3391 022]3631 019 +85% +5.5%
Accuracy || 32.44  0.13 13257 0.19 3329 0.17 31.31 024 3213 026 32.62 031 3301 0.15 3286 0.09|3528 025 +8.8% +6.0%
Email MicroF || 5132 0.29 5095 024 5250 0.17 51.17 023 1788 048 1821 052 51.84 033 3272 0455526 0.18 +7.7% +5.3%
Accuracy || 5441 034 |54.13 0.22 5538 043 53.82 0.36 21.06 045 21.13 037 5479 0.19 3385 0.51[57.78 029 +62% +4.3%
GraphSAGE as the base embedding model
Wiki MicroF || 39.68  0.24 | 40.07 0.15 37.84 031 3596 043 23.88 047 2252 039 40.75 033 1978 0.59 [ 44.29 031 +11.6% +8.7%
Accuracy || 41.22  0.19 [41.39  0.06 3931 0.26 36.59 025 2571 036 2494 0.62 41.65 028 2473 0422|4490 012 +8.9% +7.8%
Flickr MicroF |[29.38 0322875 031 2786 0.14 2369 044 30.02 0.17 29.67 020 2985 0.12 2875 0.11 3211 041 +9.3% +7.0%
Accuracy || 28.46  0.08 [27.52 0.19 27.69 0.31 22.82 045 29.83 022 28.18 046 2926 031 2878 0.14 3196 035 +12.3% +7.1%
Email MicroF || 41.25 0.17 | 41.07 033 3583 031 3419 0.13 27.81 044 2697 039 4197 024 2347 025|46.73 037 +133% +11.3%
Accuracy || 42.61 031 ]4220 031 3725 0.16 3513 035 2941 046 27.16 034 4323 030 2584 0.18 |47.70 046 +11.9% +10.3%
TABLE III: Performance of link prediction w.r.t. classic base embedding models.
Base Biased walk Additive Additive-2 a la carte alacarte-2  Nonce2vec Dropout meta-tail2vec Improv. dover
Base 2"¢ best
DeepWalk as the base embedding model
Wiki MRR || 7528 0377513 041 7581 0.62 7489 078 7631 025 76.14 033 6742 0.87 77.06 0.71|79.18 052 +52% +2.8%
Hit@1 || 51.83 042 |52.04 0.57 5251 0.67 5148 039 5370 061 53.59 032 5334 049 54.19 0305722 046 +10.4% +5.6%
Flickr MRR || 50.05 0.30|49.57 0.19 49.80 045 49.72 041 5036 0.55 50.71 0.65 50.83 048 50.25 0.59|52.18 0.61 +4.3% +2.7%
Hit@1 || 2532 0.24 |25.63 0.55 26.10 041 2655 0.62 26.07 030 2639 0.58 26.67 033 26.19 0442811 040 +11.0% +5.4%
Email MRR || 44.17 035|4458 026 4452 0.68 4496 028 4449 050 4511 034 4480 0.15 4533 0.08 | 4842 055 +9.6% +6.8%
Hit@1 (| 19.47 0381996 0.27 2138 0.15 21.66 040 2245 058 22.63 031 2090 044 23.02 033|2431 046 +24.9% +5.6%
GraphSAGE as the base embedding model
Wiki MRR || 81.36 0.14 | 82.01 0.10 80.56 045 80.39 021 81.82 0.53 80.94 0.62 82.18 0.64 82.52 0408438 0.61 +3.7% +2.3%
Hit@1 || 58.87 0.52|58.39 0.15 5843 0.61 5892 030 59.56 029 5934 044 5970 037 59.93 0.56 | 62.04 0.68 +5.4% +3.5%
Flickr MRR || 55.83 029 |56.17 036 55.04 0.25 5540 058 56.28 049 56.76 040 5631 032 56.85 0.71 |58.15 043 +4.2% +2.3%
Hit@1 || 34.59 0.52 35.15 047 3379 038 3336 040 3522 0.68 3529 0.64 3497 050 3574 0.31]3692 039 +6.7% +3.3%
Email MRR || 46.71 0454624 029 46.05 025 46.68 044 47.03 053 4692 030 47.18 0.19 4637 0.60|48.15 044 +3.1% +2.1%
Hit@1 || 23.02 0.23 |22.73 041 2291 044 22,65 0.52 2319 039 23.14 0.61 2328 043 23.07 0.56|2455 0.70 +6.6% +5.4%

caused by noises from 2-hop nodes. However, our model also
aggregates 2-hop nodes and attains better performance than its
1-hop version (as we will see in Sect. V-C), potentially due to
the local adaptation which can effectively filter noises at each
locality.

We further report the performance of link prediction in
Table III w.r.t. classic base embedding models. Similar conclu-
sions can be drawn, where meta-tail2vec outperforms the base
models by 3.1%-9.6% and the best baseline by 2.1%—6.8% in
terms of MRR.

Robust base models for sparse networks. We also investigate
whether meta-tail2vec can also improve base models designed
for robustness on sparse networks.

We report the performance of node classification in Ta-
ble IV, wur.t. each of the base models SDNE, ARGA, and
DDGCN. While these base models are intended to handle
sparse networks, they aim to increase the overall robustness
of the learning process, and do not explicitly improve the
embedding of the most vulnerable tail nodes. Thus, their
performances on the tail nodes are not necessarily better than
classic base models. Note that our approach meta-tail2vec
is embedding-agnostic, meaning that even for base models
already designed for sparse networks, we can still refine their
tail node embeddings, as demonstrated by the results that
meta-tail2vec outperforms the base embeddings by an average

of 14.9% in terms of MicroF on node classification. On the
other hand, we also compare meta-tail2vec to other baseline
refinement methods. (Due to space constraints, we only present
the results of Addictive, Nonce2vec, and Dropout, which are
generally the best baselines among all.) Again, due to our
locality-aware task formulation, the meta-learning strategy is
able to adapt to the locality of each tail node well, resulting
in an average performance lift of 8.5% in terms of MicroF
compared to the best baseline.

Furthermore, we report the performance of link prediction
in Table V. We have similar observations, where on average
meta-tail2vec outperforms the robust base models by 5.2% and
the best baseline by 2.0% in terms of MRR.

2) Comparison of Head Node Embeddings: While our
main goal is to improve tail node embeddings, we further
evaluate the performance on the head nodes to validate that
their embeddings still remain competitive. In theory, head
node embeddings are not changed in any way, since we only
predict new embedding vectors for tail nodes. However, the
performance of head nodes on a downstream application can
be potentially improved, as training the downstream model can
still benefit from the improved quality of tail nodes.

Thus, we further conducted an experiment on head node
embeddings. We sampled and evaluated a test set comprising
10% of the head nodes, and trained a model for each down-
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TABLE IV: Performance of node classification w.r.t. robust
base embedding models (MiF for MicroF; Acc for accuracy).

H Base ‘ Additive Nonce2vec Dropout ‘ meta-tail2vec
SDNE as the base embedding model
Wiki MiF || 31.38  0.34 | 3446 0.63 32.14 075 34.69 0.48 3799 0.83
Acc || 3410 0.71]35.62 0.28 3459 0.12 3646 043|38.80 0.64
Flickr MiF || 3474  0.86 | 35.49 0.47 3473 037 3538 0.35|38.50 0.78
Acc || 3267 032]3472 0.28 3359 0.73 3464 049|38.03 0.66
Email MiF || 29.85 0.48 | 31.07 021 31.83 046 3450 025|47.21 0.72
Acc || 3290 0.62|3437 027 3379 0.60 37.85 0475170 0.33
ARGA as the base embedding model
Wiki MiF || 3222 046 | 31.19 023 3247 0.19 32.85 0.23]33.51 031
Acc || 3447 0523384 0.10 3479 021 3522 049|3580 0.23
Flickr MiF || 24.60 0.15|23.69 0.18 25.16 020 2471 0.15]2593 025
Acc [|22.81 0.17|21.59 0.11 2426 046 2365 0392537 0.16
Email MiF || 2438 0.31]23.94 047 2497 035 2548 0.53]2611 025
Acc || 2657 043 ]2569 030 27.02 037 27.54 0.21|27.95 0.16
DDGCN as the base embedding model
Wiki MiF || 29.49  0.18 | 27.68  0.58 3120 044 3037 0.35|33.02 043
Acc || 3139  0.25]30.82 0.21 33.87 0.75 3269 0403627 041
Flickr MiF || 28.57 0.47 (2692 0.08 30.09 035 29.17 0.26|31.03 052
Acc || 2590 0.71 | 2444 0.12 2676 049 2637 0.25|28.38 0.54
Email MiF || 38.95 0.67 | 38.73  0.55 39.62 043 39.15 0.40 |41.83 0.34
Acc || 39.81 0563820 035 4232 0.63 41.69 041 |44.13 0.73

TABLE V: Performance of link prediction w.r.t. robust base
embedding models (H@1 for hit@1).

H Base ‘ Additive Nonce2vec Dropout ‘ meta-tail2vec
SDNE as the base embedding model
Wiki MRR |[72.25 048 [72.53 030 7444 0.39 75.08 0.65|76.97 0.61
H@1 ||52.19 027 |51.94 039 5450 0.61 5521 0.35|57.58 0.74
Flickr MRR || 46.82 020 |47.09 0.44 4835 051 48.17 0.29|49.31 046
H@1 || 26.23 0.1627.00 033 28.82 0.61 2839 0.10]29.26 0.20
Email MRR |[34.02 0.76 | 3429 0.51 36.87 049 3642 0.55|39.55 0.50
H@1 || 17.51 0.24]18.65 051 21.19 040 2088 0.13|22.86 0.63
ARGA as the base embedding model
Wiki MRR | 48.57 040 |46.49 038 49.16 045 50.27 0.14 |51.08 0.20
H@1 || 4140 0524049 007 41.67 035 4222 0.10 |43.73 0.65
Flickr MRR || 3552 0323541 0.72 35.69 0.63 36.31 0.28|36.87 045
H@1 || 29.73 0342886 040 29.89 0.2 3051 0.77|31.37 0.29
Email MRR |[26.83 029 (2589 047 2691 0.18 2622 040|27.26 0.55
H@1 || 16.51 0291630 042 17.22 040 1689 0.31|17.87 0.35
DDGCN as the base embedding model

Wiki MRR |[ 7325 049 [74.10 034 7428 0.15 74.92 0.53|7531 0.67
H@1 || 5128 0.39(50.77 021 5186 045 5256 0.32|53.30 0.61
Flickr MRR || 52.17  0.40|50.74 0.51 52.23 042 51.79 0.60 | 5249 034
H@1 || 37.15 0383582 085 37.53 042 37.16 0.60|38.68 0.63
Email MRR || 41.58 0.45|40.83 0.37 4296 039 4281 0.12|4347 0.18
H@1 ||27.35 0392831 0.63 2858 025 28.87 0.30(29.22 0.36
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Fig. 4: Performance of node classification on head nodes w.r.t.
DeepWalk as the base embedding model.

stream task on the other nodes, inclusive of the tail nodes
and the remaining 90% head nodes. We tabulate the results
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Fig. 5: Performance of link prediction on head nodes w.r.t.
DeepWalk as the base embedding model.
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Fig. 6: Ablation study of the meta-learning strategy on node
classification w.r.t. DeepWalk as the base model.
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Fig. 7: Impact of number of hops on node classification.

in Figs. 4 and 5 for node classification and link prediction,
respectively. As hypothesized, both meta-tail2vec and other
baseline refinement approaches can slightly outperform the
base embedding model, due to the improved quality of tail
node embeddings in the downstream training data. However, it
is not surprising that the improvements are modest compared
to tail nodes, in the range of 0.3%—-0.9% only. The reason
is that the head node embeddings remain unchanged and
their performance is only indirectly influenced by refined
tail node embeddings. Nevertheless, we validated the goal of
significantly improving tail node embeddings whilst head node
embeddings remain robust.

C. Model Analysis and Discussion

1) Ablation Study: We analyze the contribution of our
approach by an ablation study. Using DeepWalk as the base
embedding model, we compare the following four variants of
meta-tail2vec: (1) full, the full meta-tail2vec model; (2) global,
only train one global embedding regression model on the head
nodes, and predict the embedding vectors of all tail nodes with
the same global model (equivalent to the Dropout baseline);
(3) fine-tune, fine-tune the pre-trained global model on the
support set of a tail node before predicting its embedding



