
Meta Graph Learning for Long-tail Recommendation
Chunyu Wei∗

Tsinghua University
Bejing, China

weicy15@icloud.com

Jian Liang∗
Independent Researcher

Bejing, China
liangjianzb12@gmail.com

Di Liu
Alibaba Group
Bejing, China

wendi.ld@alibaba-inc.com

Zehui Dai
Alibaba Group
Bejing, China

zehui.dzh@alibaba-inc.com

Mang Li
Alibaba Group

Hangzhou, China
mang.ll@alibaba-inc.com

Fei Wang
Cornell University

New York, United States
few2001@med.cornell.edu

ABSTRACT
Highly skewed long-tail item distribution commonly hurts model
performance on tail items in recommendation systems, especially
for graph-based recommendation models. We propose a novel idea
to learn relations among items as an auxiliary graph to enhance the
graph-based representation learning and make recommendations
collectively in a coupled framework. This raises two challenges,
1) the long-tail downstream information may also bias the auxil-
iary graph learning, and 2) the learned auxiliary graph may cause
negative transfer to the original user-item bipartite graph. We in-
novatively propose a novel Meta Graph Learning framework for
long-tail recommendation (MGL) for solving both challenges. The
meta-learning strategy is introduced to the learning of an edge
generator, which is first tuned to reconstruct a debiased item co-
occurrence matrix, and then virtually evaluated on generating item
relations for recommendation. Moreover, we propose a popularity-
aware contrastive learning strategy to prevent negative transfer by
aligning the confident head item representations with those of the
learned auxiliary graph. Experiments on public datasets demon-
strate that our proposed model significantly outperforms strong
baselines for tail items without compromising the overall perfor-
mance. The code is available on https://github.com/weicy15/MGL

CCS CONCEPTS
• Information systems → Recommender systems; Retrieval
models and ranking.
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Figure 1: The long-tail distribution for items in Movielens-
1M. Pie charts show recommending results trained on
Movielens-1M. Orange lines is the learned item relations.
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1 INTRODUCTION
Recommender systems help users discover potentially liked items,
and have been widely deployed to alleviate information overload
in diverse scenarios including e-commerce [14], online news and
multimedia contents [52]. The core of recommender systems [19,
57] is to build high-quality user and item embeddings, for which
the common optimization is to reconstruct user-item interactions.
As user-item interactions are naturally represented as a user-item
bipartite graph, Graph Convolutional Networks (GCNs) provide an
efficient way to integrate multi-hop neighbors and show prominent
performance in recommendation [7, 18, 48].

Despite the encouraging performance, the frequency distribution
of items is usually uneven in the interaction data. The prevalent
distribution is long-tail: a small fraction of popular items receive
most of the user feedback, while most items only have little user

2512

https://doi.org/10.1145/3580305.3599428
https://doi.org/10.1145/3580305.3599428


KDD ’23, August 6–10, 2023, Long Beach, CA, USA Chunyu Wei et al.

feedback. Figure 1 provides evidence of long-tail distribution on a
real-world Movielens dataset. As a consequence, the models trained
on these uneven datasets would easily overfit a small fraction of
popular items, and lead to the popularity bias [1], which recommend
items simply from their popularity, rather than user-item matching.
For example, we train a standard MF [24] and LightGCN [18] on
Movielens dataset, and count head and tail items in the top-20
recommendation lists of all users. From the statistics, the head
items are recommended much more frequently than in the training
set, which demonstrates that the popularity bias will even cause the
Matthew Effect [32], i.e., the “rich get richer” feedback loop. From
Figure 1, the popularity bias is more severe on graph-based models,
since during multi-hop convolution, the skewed data distribution
will bias the models towards the popular items much more easily.

In the real-world scenarios, we find that when giving some tail
items enough exposure, they can also be widely liked by users and
become popular, which means tail items are not equal to bad items.
If we can learn better representations for them, we can make more
accurate recommendations. Along this line, some studies utilize
meta-learning to transfer the knowledge learned from head items to
tail items [26, 56]. However, directly applying them to graph-based
models may get sub-optimal results, since these methods take each
interaction as independent following an i.i.d assumption. Relations
are the key information of a graph, and the goal of graph-based
model is to transfer information from the nodes to nodes.

To start with, a straightforward idea is to provide tail items with
more connections as illustrated in Figure 1. Although the users’
behavior data are usually sparse for the tail items, the attributes are
as complete in the tail items as in the head items in most cases. For
example, when a new item is launched, it will be annotated with
a title or tags containing rich semantic information. One way is
to generate edges between the items sharing the same attributes
like [34]. However, this will cause several problems: (i) the raw
feature space could be sparse and high-dimensional, which makes
it difficult to find two items sharing exactly the same attributes; and
(ii) it does not consider the consistency with the original bipartite
structure, which will result in sub-optimal edges for the recommen-
dation. Therefore, we propose to learn relations among items as
an auxiliary graph to update the graph’s structure based on the
item attributes, in conjunction with the rest of the graph-based
recommender training. To achieve this goal, we need to address
two notable challenges:

• Skewed Downstream Information. To generate edges
relevant to the downstream recommendation task, many
existing methods [13, 51] directly coupled the graph learning
step with the downstream task in an end-to-end manner.
However, they do not suit well for the long-tail setting where
the downstream imbalanced distribution will further amplify
the biased information on the learned graph structure.

• Negative Transfer. In the original bipartite graph, head
items can already be well represented in the context of rich
connections. Thus, the auxiliary graph may introduce noise
into the head items representation and cause negative trans-
fer. Thus another key challenge is how to avoid the learned
structure comprising the performance on head items while
improving on tail items.

In this paper, we propose a novel Meta Graph Learning frame-
work for Long-tail Recommendations (MGL) to address the afore-
mentioned challenges synergistically.

To tackle the Skewed Downstream Information, we intro-
duce a meta-learning approach to the learning of the auxiliary
graph. The essential idea is to simulate the learning and evalua-
tion procedure during training of the auxiliary graph learning. In
the learning phase, our MGL first trains a meta edge generator to
reconstruct a debiased item co-occurrence matrix from historical
interactions, from which it is fine-tuned to extract the collaborative
relations among items from their attributes in an unbiased manner.
In the evaluation phase, the unbiased meta edge generator produces
item relations as the auxiliary graph, which will participate in the
representation learning of items and adapt to the downstream rec-
ommendation tasks. This method can generate the learned auxiliary
graph well adapted to downstream recommendation tasks, while
avoiding the meta edge generator from overfitting the downstream
skewed data distribution in the meantime. We present detailed
analyses to prove the effectiveness of meta-learning.

To address theNegative Transfer issue, we propose a popularity-
aware contrastive learning strategy, which also maintain the con-
sistency of the learned auxiliary graph and the original user-item
bipartite graph. We regard the item representations from the auxil-
iary graph and the original bipartite graph as two views of specific
items. For those head items with confident representation from the
original graph, we use a multi-view contrastive loss to align their
representation of both graphs. While for those tail items, we disable
the contrastive loss and thus prevent unreliable information from
interfering with the learning of the auxiliary graph. The intuition is
that the well-represented head items in the original graph can work
as share nodes to reconcile two graph structures from different
latent spaces.

The contributions of this paper are summarized as follows.

• We propose MGL applying meta-learning to update the orig-
inal bipartite graph for the graph-based long-tail recom-
mendation, which helps to prevent the skewed downstream
information from negatively impacting edge generation.

• We proposed a popularity-aware contrastive learning strat-
egy to prevent negative transfer, which also maintains the
consistency of the learned and original graph structure.

• Experimental results show that our method improves tail
item recommendations significantly on two benchmark datasets,
while achieving solid improvements for the overall perfor-
mance and head item performance.

2 RELATEDWORK
2.1 Long-tail Distribution
Recently, increasing attention has been paid to the problem of
long-tailed distribution, e.g., recommendation [8, 30, 38, 54] and
imbalanced classification in computer vision (CV) [42, 56]. Resam-
pling is a common strategy to rebalance the skewed dataset, which
includes over-sampling [5] and under-sampling [16, 17]. Another
strategy is to refine the loss function, such as adding different
weights or regularization for different classes [9, 33] or items [4].
Several studies have started to address the long-tailed problems on
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graphs. Some GNN-based models consider degree-specific trans-
formations on nodes of different degrees [43, 49], or use structural
features including degrees to differentiate nodes [2].

In recommendations, the long-tail distribution is more obvi-
ous [4, 30], especially on the item side due to the rapid increase
of new items. Some studies add different weights to user-item
pairs [53] and perform clustering [35] for alleviating the long-tail
problem. Another close related works are cold-start recommenda-
tions that purely focus on tail items. They usually integrate different
kinds of side information [29, 58] to build cold-start representations
for tail items. For example, GME [34] retrieves old ads sharing same
attributes for each new ad, and investigates different ways to inte-
grate the old ads embeddings to obtain the new item embeddings
for CTR prediction models. Different from them, our work sheds
lights on graph-based recommendation, and devises MGL to revise
the graph structure for addressing the long-tail problem.

2.2 Graph Learning Models
GCNs perform graph convolutions to integrate vertex features
and the input graph topology for node embedding learning [23]. In
most cases, the input graph structure is constructed by hand-crafted
rules, human experts or precomputed by the k-nearest neighbors
of each node [3]. However, the input graph may miss important
edges or contain redundant edges, which may be sub-optimal for
graph-based downstream tasks. GAT attentively reweights edge im-
portance based on the self-attention mechanism [46]. Some studies
propose to learn distance metrics for graph Laplacian matrix with
parameterized similarity calculation based on the covariance matrix
of input features [28] or feature weight vector [21]. Since the input
graph is not always available, another line of research proposed to
learn discrete and spare graph structure from scratch by learning a
discrete probability on the edges of the graph [11]. However, these
models can not be directly applied to our auxiliary graph learning,
since we aim to learn a structure in a different semantic space from
the original bipartite graph. Also, all these approaches do not con-
sider the long-tail problem, and we argue that these methods will
revise the graph structure based on the existing skewed data, to
continuously strengthen the existing data distribution and further
exacerbate the impact of the long-tail distribution.

2.3 Meta-learning
Meta-learning intends to design models that can learn new skills
or adapt to new environments rapidly with a few training samples.
It has been successfully applied in many areas, such as CV [36],
NLP [6, 22], and recommendation [26, 31, 47]. There are some
attempt using meta-learning to train GNNs for quick adaptation
to new tasks [20, 41], which is different to our MGL, since we use
meta-learning to revise the graph structure instead of improving
the GNN’s adaptation. Generally, there are three types of meta-
learning approaches: 1. metric-based: learn an efficient distance
metric [40]; 2. model-based: use (recurrent) networks with external
or internal memory [39]; and 3. optimization-based: optimize the
model parameters explicitly for fast learning [10].

Our approach is most related to the optimization-based Model-
Agnostic Meta-Learning (MAML) [10]. Existing methods adopting
MAML [26, 31, 34, 47, 56] usually treat the learning of each item

as a task to produce a model adapted for both head and tail items.
However, in graph-based recommendation models, this is infeasi-
ble because each interaction don’t follow an i.i.d assumption. We
propose a new meta-learning objective for generating an auxiliary
graph structure, such that it not only reduce the impact of the long-
tail distribution, but also adapt to the downstream recommendation.

3 PRELIMINARIES
Problem Definition. Let U = {𝑢1, 𝑢2, . . . , 𝑢𝑚} denotes the set
of users, and let I = {𝑖1, 𝑖2, . . . , 𝑖𝑛} denotes the set of items. In
the recommendation scenario, we typically use a binary matrix
R ∈ R𝑚×𝑛 to store user-item interactions (e.g., purchases and clicks),
where 𝑟𝑢𝑖 = 1 indicates that user 𝑢 consumed item 𝑖 while 𝑟𝑢𝑖 = 0
means that item 𝑖 is unexposed to user 𝑢 or user 𝑢 is not interested
in item 𝑖 . Items are often associated with attributes, which can be
denoted as Y ∈ R𝑛×𝑑𝑦 . 𝑑𝑦 is the attribute dimension. Following [18,
48], we represent interaction data as a user-item bipartite graph
G = {V, E}, where the node set V = U ∪ I and the edge set
E = {𝑒𝑢𝑖 |𝑟𝑢𝑖 = 1, 𝑢 ∈ U, 𝑖 ∈ I}. The adjacency matrix AG can

be formulated as: AG =

[
0 R
R𝑇 0

]
. With respect to the adjacency

matrix AG , the degree matrix DG ∈ N(𝑚+𝑛)×(𝑚+𝑛) is a diagonal
matrix, in which each entryDG [𝑖, 𝑖] denotes the number of nonzero
entries in the 𝑖-th row of AG .

Our goal is to improve recommendation on tail items, while
keeping overall performance flat or better. Formally, we aim to
learn an item relation matrix Ŝ ∈ R𝑛×𝑛 based on item attributes Y to
update AG as

[
0 R
R𝑇 Ŝ

]
for graph-based long-tail recommendation.

GCN Paradigm. The core of graph convolution on graph G is
to update the ego node by aggregating the representations of its
neighbor nodes, which can be formulated as follows:

E(𝑙) = 𝐺𝐶𝑁 (E(𝑙−1) ,G), (1)

where E(𝑙−1) is the current representations of nodes and E(𝑙) is the
updated representations after the graph convolution layer. E(0) is
the initial inputs, which are usually the ID embeddings (trainable pa-
rameters). Many works design different combining and aggregating
mechanisms to enhance the power of GCNs [15, 46, 50]. After iter-
ating the graph convolution 𝐿 times, e(𝑙) encodes the information
from its 𝐿-order neighbors. Usually, there will be a readout function
to generate the final representations for the recommendation task:

e = 𝑓𝑟𝑒𝑎𝑑𝑜𝑢𝑡 ({e(𝑙) |𝑙 = 0, 1, . . . , 𝐿}). (2)

For example, 𝑓𝑟𝑒𝑎𝑑𝑜𝑢𝑡 can be concatenation [48], weighted sum [18]
and retaining the last output [44].

LightGCN Brief. In this paper, we mainly implement our MGL
on the simple but effective GCN-based model LightGCN. It aban-
dons the use of feature transformation and nonlinear activation, of
which the matrix form can be formulated as:

E(𝑙) = (D− 1
2

G AGD
− 1

2
G )E(𝑙−1) , 𝑙 ∈ N+, (3)

where E(𝑙−1) = [E(𝑙−1)𝑢 , E(𝑙−1)
𝑖

] is the output of the previous layer
or the initial E(0) . At last, LightGCN implement the 𝑓𝑟𝑒𝑎𝑑𝑜𝑢𝑡 by
weighted sum, in which the weight of each layer is set as 1

𝐿+1 .
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After obtaining the representations of users and items, the inner
product 𝑟𝑢𝑖 = e𝑇𝑢 e𝑖 is used to predict the preference score, which is
commonly adopted in most recommender systems. LightGCN em-
ploy the Bayesian Personalized Ranking (BPR) loss [37] to optimize
the model parameters, which is a pairwise loss that assumes the
observed interactions should be assigned higher prediction values
than unobserved ones. The objective function is as follows:

L𝑟𝑒𝑐 =
∑︁

(𝑢,𝑖, 𝑗) ∈O
−𝑙𝑛𝜎 (𝑟𝑢𝑖 − 𝑟𝑢 𝑗 ), (4)

where O = {(𝑢, 𝑖, 𝑗) | (𝑢, 𝑖) ∈ R+, (𝑢, 𝑗) ∈ R−} is the pairwise train-
ing data, in which R+ denotes the observed interactions, and R−

denotes the unobserved interactions.

4 METHODOLOGY
In this section, we outline our MGL framework’s overall architec-
ture in Figure 2 and give detailed descriptions of its main com-
ponents. The main idea of MGL is to generate item relations ac-
quired by a meta edge generator, which forms an auxiliary graph
to facilitate graph-based long-tail recommendation. Specifically, we
adopt meta-learning to train the meta edge generator for better
adaption to the downstream recommendation and better avoidance
of the biased data distribution. Also, we innovatively introduce
a popularity-aware contrastive learning strategy to maintain the
consistency of the learned auxiliary graph and the original bipartite
graph by maximizing the agreement of the head items between two
graph structures. Thereafter, we conduct theoretical analyses on
MGL, revealing its effectiveness.

4.1 Meta Edge Generator
Given the item attributes Y ∈ R𝑛×𝑑𝑦 , we first adopt an item fea-
ture encoder 𝑔(·) to learn the item auxiliary embeddings, i.e., p𝑖 =
𝑔(y𝑖 ;𝜃 ), 𝑖 ∈ I, where y𝑖 ∈ R𝑑𝑦 is the 𝑖-th row of Y and p𝑖 ∈ R𝑑 de-
notes the auxiliary embedding of item 𝑖 . In this work, we choose the
multilayer perceptron (MLP) model as 𝑔(·) following [56]. For sim-
plicity and efficiency, we adopt a vanilla design, cosine similarity,
to predict if there is an edge between item 𝑖 and 𝑗 :

S𝑖, 𝑗 = 𝜎
(
< p𝑖 , p𝑗 >
∥p𝑖 ∥∥p𝑗 ∥

)
(5)

where 𝜎 (𝑥) is a sigmoid function, and S𝑖, 𝑗 refers to the predicted
relation between item 𝑖 and 𝑗 .

To train the meta edge generator in an unbiased manner, we con-
struct an item co-occurrence matrix S′ ∈ {0, 1}𝑛×𝑛 by considering
the items consumed by the same user are connected:

S′ = min (1,R𝑇R), (6)

In this way, we greatly expand the number of connections to the
tail items by exploiting the ’co-purchase’ relationship. To ensure
the fair exposure of each item, only no more than 𝑘 neighbors are
kept for each item in the co-occurrence matrix S′:

S′
𝑚𝑎𝑠𝑘

= M ⊙ S′ ⊙ M𝑇 , 𝑤ℎ𝑒𝑟𝑒
∑︁

M𝑖 · = 𝑘, (7)

where M is the random masking matrix on the item co-occurrence
matrix S′. The loss function for training the meta edge generator is:

L𝐺𝐿 = ∥S − S′
𝑚𝑎𝑠𝑘

∥2𝐹 , (8)

where S refers to predicted connections between items inV . Solely
relying on reconstructing the collaborative information among
items is far from adapting to the downstream recommendation. In
the following, we will describe how it generates item relations to
adapt to downstream recommendations through meta-learning.

4.2 Popularity-aware Contrastive Learning
To maintain the consistency of two graphs, we consider the item
embeddings from both auxiliary graph and original bipartite graph
as two views of specific items, as they encode two kinds of infor-
mation, item attributes and consumed histories, respectively. We
perform the GCN recommender on the original bipartite graph and
obtain the original embeddings of items, which is formulated as:

E(𝑙) = [E(𝑙)𝑢𝑠𝑒𝑟 , E
(𝑙)
𝑖𝑡𝑒𝑚

] = 𝐺𝐶𝑁 (E(𝑙−1) ,G), (9)

For simplicity, we use E𝑖𝑡𝑒𝑚 to denote items’ original embeddings
from the final layer of GCN. The auxiliary embeddings are used to
construct the auxiliary graph and thus we use a linear decoder ℎ(·)
to transform the auxiliary embeddings into the same space with
the original embeddings. In the original bipartite graph, head items
with rich connections can be well represented in the graph-based
recommender as shown in Figure 3, where we show the hit rate of
each item, sorted by their degree, in vanilla LightGCN. We adopt
polynomial smoothing to better show the trend w.r.t. the degree of
item as the orange line. From Figure 3, the tail items with unreliable
representations show poor performance. So if we indiscriminately
align two views of all items, it may interfere with the learning of
auxiliary graph in tail items.

Thus we use a popularity-aware contrastive loss to reconcile
two graph structures from different latent spaces:

L𝑃𝐶𝐿 = −
∑︁
𝑣𝑖 ∈I

𝑃𝑜𝑝 (𝑣𝑖 ) log
𝑒𝑥𝑝 (𝑠 (ℎ(p𝑖 ), e𝑖 )/𝜏 ′)∑

𝑣𝑗 ∈I 𝑒𝑥𝑝 (𝑠 (ℎ(p𝑖 ), e𝑗 )/𝜏 ′)
, (10)

where e𝑖 is the 𝑖-th row of E𝑖𝑡𝑒𝑚 representing item 𝑖’s original
embedding;ℎ(·) is the linear projection; 𝑠 (·) measures the similarity
between two vectors, which is set as cosine similarity function; 𝜏 ′
is the hyper-parameter, known as the temperature in softmax.

In Equation 10, we set a coefficient 𝑃𝑜𝑝 (·) w.r.t. each item to con-
trol whether the contrastive loss works for the specific item. If the
item has been consumed by enough users in the original bipartite
graph, L𝑃𝐶𝐿 should work to reconcile its representations in two
latent spaces to prevent negative transfer. Otherwise, the L𝑃𝐶𝐿

should be frozen in context of the unreliable original embedding.
We create a variant Sigmoid function to formulate 𝑃𝑜𝑝 (·):

𝑃𝑜𝑝 (𝑣𝑖 ) = 1 − 𝑟

𝑟 + exp (
∑

𝑢∈U 𝑟𝑢𝑖
𝑟 )

, 𝑣𝑖 ∈ I , (11)

where
∑
𝑢∈U 𝑟𝑢𝑖 refers to the total consumption item 𝑖 , known as

its degree on G, and 𝑟 is the hyper-parameter to control how fast
𝑃𝑜𝑝 (𝑣𝑖 ) will increase to about 1. Figure 3 presents the 𝑃𝑜𝑝 (𝑣𝑖 ) curve
when 𝑟 = 500, where the popularity coefficient 𝑃𝑜𝑝 (·) divides the
contrastive learning into three phases. In the tail phase, the popu-
larity coefficient is close to zero, which nearly stop the contrastive
learning. In the middle and head phase, with the connections to
the items gradually become rich, the item’s learned representation
become more and more confident, so the popularity coefficient
gradually increases to 1 to encourage the contrastive learning.
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Figure 3: HR on the Movielens dataset v.s. items sorted by
their degrees. Polynomial smoothing is used to eliminate
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4.3 Neighbor Learning for Recommendation
After training meta edge generator to reconstruct the unbiased item
collaborative information, we utilize it to generate the auxiliary
graph. Note that we do not use the complete item set as candidates
to generate edges. Instead, we only select head items as candidates
to build connections towards each item (including head and tail
items) on the graph and calculate the item-item similarity matrix
as follows:

p̂𝑖 = 𝑔(y𝑖 ;𝜃 ′)

Ŝ𝑖, 𝑗 =

{
𝜎

(
<p̂𝑖 ,p̂𝑗>
∥p̂𝑖 ∥ ∥p̂𝑗 ∥

)
, (∑𝑢∈U 𝑟𝑢 𝑗 ) > 𝑘ℎ

0 , Otherwise
, (12)

where 𝜃 ′ is the updated parameter of the meta edge generator,
and 𝑘ℎ is the degree threshold to distinguish head items. The in-
tuition is same as above, that the head items have already been
well represented on the original graph structure, which also makes

them good candidates for reliable item-item relations and confi-
dent knowledge transfer. This can also avoid the 𝑂 (𝑛2) complexity
when constructing the item-to-item graph structure, andmakeMGL
computationally feasible real-world recommendation scenario with
massive items. To prevent the learned auxiliary graph become too
dense to interfere the graph convolution, we sparse the learned
similarity matrix following [21, 55]. There are many methods for
graph sparseness, including L1 normalization [21] and threshold in-
terception [55]. We found threshold interception performs better in
our MGL, which retains the edges with top-K computed similarities:

Ŝ𝑖, 𝑗 =

{
Ŝ𝑖, 𝑗 , Ŝ𝑖, 𝑗 ∈ 𝑡𝑜𝑝𝐾 (Ŝ𝑖 )
0 , Ŝ𝑖, 𝑗 ∉ 𝑡𝑜𝑝𝐾 (Ŝ𝑖 )

, (13)

where Ŝ𝑖 = [Ŝ𝑖,1, . . . , Ŝ𝑖,𝑛] is the similarity vector in Equation 12.

With the auxiliary graph structure
[
0 0
0 Ŝ

]
, we update the final

graph structure as A𝐹 =

[
0 R
R𝑇 Ŝ

]
. We denote the final graph

structure as G𝐹 . Specifically, we adopt the same recommender in
Equation 9 to obtain the final embeddings:

Ê(𝑙) = [Ê(𝑙)𝑢𝑠𝑒𝑟 , Ê
(𝑙)
𝑖𝑡𝑒𝑚

] = 𝐺𝐶𝑁 (Ê(𝑙−1) ,G𝐹 ), (14)

where Ê(0) is also initialized with the ID embeddings. We follow the
training paradigm in Section 3 and choose the L𝑟𝑒𝑐 in Equation 4
as the objective function for the recommendation task.

4.4 Optimization
MGL applies a meta-learning schema to train the meta edge gener-
ator. Formally, we parameterize the meta edge generator as 𝑔(·;𝜃 ),
and MGL aims for training 𝜃 on the item co-occurrence matrix
S′, such that it generalizes to generate item relations Ŝ for the
downstream recommendation task. The process is outlined below.
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Meta-Train. The meta edge generator is updated on both L𝐺𝐿

and L𝑃𝐶𝐿 , and the loss function is as follows:

F (𝜃 ) = L𝐺𝐿 + 𝜆L𝑃𝐶𝐿, (15)

where 𝜆 is the hyperparameter to control the weight of popularity-
aware contrastive learning. The model is parameterized by 𝜃 , so
the gradient of 𝜃 calculated w.r.t. this loss function is ∇𝜃 , and opti-
mization will update the model as 𝜃 ′ = 𝜃 − 𝛼∇𝜃 .

Meta-Test. In each mini-batch, the model is also virtually eval-
uated on generating an auxiliary graph for recommendation. The
loss with the updated parameters on the meta-test is as below:

J (𝜃 ′,w, E(0) ) = L𝑟𝑒𝑐 , (16)

where w denotes the learnable parameters in the graph-based rec-
ommender 𝐺𝐶𝑁 . The loss is calculated using the updated parame-
ters 𝜃 ′ from meta-train, which means that for optimization we will
need the second derivative with respect to 𝜃 .

Afterward, the meta-train and meta-test are optimized simulta-
neously, so the final objective is:

min
𝜃,w,E(0)

J (𝜃 − 𝛼F ′(𝜃 ),w, E(0) ) + 𝛽F (𝜃 ), (17)

where 𝛼 is the meta-train step size and 𝛽 weights meta-train and
meta-test. The detailed procedure is illustrated in Algorithm 1.

Algorithm 1 Meta Graph Learning
Input: User-item interaction matrix R; Item Attributes Y
Init: Model Parameters 𝜃 , w, E(0) ; Hyperparameters 𝛼 , 𝛽 .
1: Calculate S′

𝑚𝑎𝑠𝑘
with R;

2: for i in iterations do
3: Meta-train: Compute L𝐺𝐿 , L𝑃𝐶𝐿 , and F (𝜃 ); (Equ. 15)
4: Update parameter 𝜃 ′ = 𝜃 − 𝛼∇𝜃
5: Meta-test: Compute J (𝜃 ′,w, E(0) ); (Equ. 16).
6: Meta-optimization: Update 𝜃 , w, and E(0) ; (Equ. 17)
7: end for

4.5 Analysis of MGL
Following [27], we provide detailed analysis to illustrate how the
proposed meta graph learning framework can help prevent overfit-
ting to the downstream skewed data. For simplicity, we omit other
parameters except 𝜃 in J (𝜃,w, E(0) ) as J (𝜃 ) in the following anal-
ysis. For Equation 16, we do the 1-st order Taylor expansion:

J (𝑥) = J ( ¤𝑥) + J ′( ¤𝑥) × (𝑥 − ¤𝑥), (18)

where ¤𝑥 is an arbitrary point close to 𝑥 . We let 𝑥 = 𝜃 −𝛼F ′(𝜃 ), and
we have ¤𝑥 = 𝜃 . Then, we have:

J (𝜃 − 𝛼F ′(𝜃 )) = J (𝜃 ) + J ′(𝜃 ) · (−𝛼F ′(𝜃 )), (19)

and the objective Equation 17 becomes:

min
𝜃

J (𝜃 ) + 𝛽F (𝜃 ) − 𝛼 (J ′(𝜃 ) · F ′(𝜃 )), (20)

This reveals that Equation 17 tries to (1) minimize the loss from both
meta-train and meta-test, which is intuitive, and (2) maximize the
dot product of J ′(𝜃 ) and F ′(𝜃 ). Recall that the dot product 𝑎 · 𝑏 =

∥𝑎∥2∥𝑏∥2 cos (𝛾) computes the similarity of two vectors, where 𝛾
is the angle between vectors 𝑎 and 𝑏. So if 𝑎 and 𝑏 are in a similar

Table 1: Descriptive statistics of the datasets.

Movielens-1M Bookcrossing

# Users 6,040 50,454
# Items 3,706 222,154
# Feedback 1,000,209 1,031,175
Density 0.04468 0.00009

Item Features Title, Genres,
Year

Title, Author,
Year, Publisher

Feedback Portion
of Top 20% Items 65.25% 50.84%

direction, 𝑎 · 𝑏 will become larger. In our case, similar directions of
J ′(𝜃 ) and F ′(𝜃 ) means the directions of improvement to 𝜃 in both
meta-train and meta-test are similar. Thus, the overall objective
Equation 17 is trying to tune such that both the losses of meta-train
and meta-test are minimized, and also such that they optimize in a
coordinated way. Conventional optimization J (𝜃 )+𝛽F (𝜃 ) without
such coordination will cause the model to focus on the easiest task
among them and tune asymmetrically. With the regularization
of J ′(𝜃 ) · F ′(𝜃 ), the meta edge generator will optimize in the
direction, which benefits the recommendation while cannot deviate
too far from reconstructing the unbiased item co-occurrence matrix,
and thus prevent overfitting to the downstream skewed data.

5 EXPERIMENTS
5.1 Dataset Description
We conduct experiments on two real-world datasets, i.e.,Movielens-
1M and Bookcrossing. Descriptive statistics are in Table 1. We can
observe that the item distribution from both datasets follows a
highly-skewed long-tail distribution, which shows they are well-
suited for our problem. In our scenario, we do not utilize the user
features, as we mainly study the long-tailed problem on the item
side, though our method can also be extended to the user side. We
follow similar procedures in [19, 26, 56] to engineer the features
and labels. Interactions with missing features are filtered. Feature
year is treated as the continuous features, while other features are
treated as categorical features and represented by one-hot encoding.
We apply bag-of-words representations item titles [12]. Consistent
with [51], for each user, we randomly split his historical interactions
into training, validation, and test parts with a certain ratio (8:1:1).

5.2 Experimental Setup
5.2.1 Evaluation metrics. We adopt two well-known metrics to
evaluate models’ performance: Normalized Discounted Cumulative
Gain@𝐾 (NDCG@𝐾 ) and Hit Ratio@𝐾 (HR@𝐾 ). We repeated ex-
periments five times with different initialization and reported the
average values. Specially, we conduct the metric calculation on the
entire item set following [25], which would give more reliable eval-
uation results and avoid the bias brought by sampling procedures.
With the goal of improving the tail item recommendation quality
without hurting the overall performance, we further report the
metrics evaluated on the tail and head item set, respectively. Based
on the Pareto Principle [56], we split the first 20% most frequent
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Table 2: The recommendation performance of MGL versus baselines on MovieLens-1M.

Model Overall Head Tail
NDCG@10 HR@10 NDCG@20 HR@20 NDCG@10 HR@10 NDCG@20 HR@20 NDCG@10 HR@10 NDCG@20 HR@20

BPR-MF [37] 0.04094 0.05960 0.05693 0.10419 0.05323 0.08358 0.07340 0.14458 0.01868 0.03387 0.02538 0.05788

NGCF [48] 0.04218 0.06306 0.05933 0.11081 0.05612 0.09072 0.07687 0.15245 0.01947 0.03540 0.02669 0.06095
LightGCN [18] 0.04807 0.06801 0.06508 0.11525 0.05556 0.08619 0.07486 0.14406 0.02299 0.04175 0.03125 0.07104

Over sampling [5] 0.04728 0.06655 0.06426 0.11345 0.05462 0.08317 0.07427 0.14194 0.02331 0.04263 0.03199 0.07330
Down sampling [16] 0.03449 0.04797 0.04639 0.08097 0.04200 0.06316 0.05785 0.11108 0.01968 0.03594 0.02649 0.05991

GAT [46] 0.04644 0.06770 0.06324 0.11409 0.06116 0.09529 0.08265 0.16068 0.02100 0.03720 0.02812 0.06220
EGLN [51] 0.05010 0.06949 0.06778 0.11839 0.06013 0.09149 0.07996 0.15089 0.02229 0.04084 0.03178 0.07461

MeLU [26] 0.04228 0.06217 0.05899 0.10864 0.05353 0.08430 0.07263 0.14135 0.02075 0.03727 0.02771 0.06155
MIRec [56] 0.04302 0.06364 0.05995 0.11065 0.05470 0.08760 0.07369 0.14409 0.02132 0.03574 0.02779 0.05844

MGL 0.05347 0.07551 0.07295 0.12898 0.06302 0.09610 0.08518 0.16213 0.02666 0.05082 0.03695 0.08761
Improv. +6.73%∗ +8.66%∗ +7.64%∗ +8.95%∗ +3.04%∗ +0.85%∗ +3.07%∗ +0.90%∗ +14.38%∗ +19.22%∗ +15.51%∗ +17.42%∗

Table 3: The recommendation performance of MGL versus baselines on Bookcrossing.

Model Overall Head Tail
NDCG@10 HR@10 NDCG@20 HR@20 NDCG@10 HR@10 NDCG@20 HR@20 NDCG@10 HR@10 NDCG@20 HR@20

BPR-MF [37] 0.00764 0.01273 0.00995 0.02034 0.01018 0.01974 0.01314 0.03066 0.00444 0.00812 0.00625 0.01433

NGCF [48] 0.01396 0.02265 0.01813 0.03648 0.01357 0.02576 0.01818 0.04289 0.01074 0.01723 0.01460 0.03076
LightGCN [18] 0.01652 0.02445 0.02062 0.03788 0.01738 0.02887 0.02109 0.04279 0.01113 0.01804 0.01430 0.02917

Over sampling [5] 0.01660 0.02356 0.02053 0.03778 0.01703 0.02894 0.02096 0.04173 0.01121 0.01882 0.01461 0.02913
Down sampling [16] 0.01216 0.01789 0.01470 0.02705 0.01328 0.02116 0.01533 0.03271 0.00940 0.01510 0.01249 0.02595

GAT [46] 0.01540 0.02305 0.01951 0.03648 0.01560 0.02676 0.01976 0.04209 0.01106 0.01794 0.01476 0.03066
EGLN [51] 0.01816 0.02717 0.02302 0.04300 0.01819 0.03237 0.02361 0.04761 0.01161 0.01844 0.01495 0.03016

MeLU [26] 0.01371 0.02237 0.01775 0.03572 0.01332 0.02426 0.01820 0.04285 0.01127 0.01885 0.01342 0.02642
MIRec [56] 0.01460 0.02134 0.02006 0.03908 0.01620 0.02906 0.02077 0.04619 0.01116 0.01943 0.01353 0.02765

MGL 0.01966 0.02916 0.02402 0.04649 0.01869 0.03251 0.02371 0.04829 0.01488 0.02345 0.01823 0.03545
Improv. +8.23%∗ +7.37%∗ +4.35%∗ +8.12%∗ +2.72%∗ +0.42%∗ +0.44%∗ +1.44% +28.13% +20.66% +21.97% +15.25%∗

† Boldface denotes the highest score, and underline indicates the best result of the baselines. ∗ denotes that the improvement is significant at 𝒑 < 0.05 level with a two-sample t-test.

items in Movielens1M and Bookcrossing for head items, and the rest
items are treated as tail items.

5.2.2 Compared Methods. To fully demonstrate the effectiveness
of MGL on graph-based long-tail recommendation, we compare
MGL with the following nine methods, which can be categorized
into five classes: (1) classical matrix factorization based method, i.e.,
BPR-MF [37]; (2) neural graph based CF models with fixed graph
structures, i.e., NGCF [48] and LightGCN [18]; (3) re-sampling strat-
egy on LightGCN, i.e., Over sampling [5] and Down sampling [16];
(4) graph learning based model, i.e., GAT [46] and EGLN [51]. (5)
Meta-learning based methods, i.e., MeLU [26] and MIRec [56]. Note
that for fair comparisons, we leverage the item attributes for item
representation learning on all the methods. We introduce all the
baseline models here:

• BPR-MF [37]: A competitive method improving matrix fac-
torization (MF) with the BPR objective function for a implicit
feedback-based recommendation.

• NGCF [48]: A graph-based model, which first encodes the
collaborative signal into the user-item interaction graph
structure and adopts multiple graph convolution to explore
high-order connectivity.

• LightGCN [18]: A state-of-the-art GCN-based general rec-
ommendation model that leverages the user-item proximity

to learn node representations and generate recommenda-
tions.

• Over sampling [5]: A training data re-sampling strategy
that samples from tail items to balance the distribution of
head and tail items. The over-sampling strategy is more com-
mon in practice since user feedback data is highly valuable,
and we do not want to down-sample on the positives.

• Down sampling [16]: A method where the tail items remain
unchanged and the head items are down-sampled.

• GAT [46]: An efficient graph neural network with the edges
on the bipartite graph re-weighted by self-attention mecha-
nism.

• EGLN [51]: A graph learning method leveraging the learned
user and item embeddings to update the graph structures.

• MeLU [26]: A method based on meta-learning for cold-start
item rating prediction. We have adapted it for use in implicit
feedback prediction tasks.

• MIRec [56]: A state-of-the-art transfer learning framework
for long-tail recommendation in two-tower model, which
adopts the meta learning to smooth the transfer.

5.2.3 Hyper-parameter settings. We initialize the latent vectors
with a Gaussian Distribution with the mean value of 0 and the
standard variance of 0.01 for all the models. For fair comparisons,
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the dimensions of latent factors are all fixed to 64. We apply a grid
search for hyper-parameters. The learning rates are tuned amongst
[0.005, 0.01, 0.02, 0.05]. To prevent overfitting, we add 𝐿2 norm with
coefficient tuned from [0.001, 0.005, 0.01, 0.02, 0.1]. We select the
best models by early stopping when the HR@20 on the validation
set does not increase for three consecutive epochs. We use Adam
with 𝛽1 = 0.9, 𝛽2 = 0.999, and 𝜖 = 1𝑒−8, which is the same for all
baseline models. Following other meta-learning methods [26, 56],
we perform one gradient descent for local update in each step.

5.3 Performance Comparisons
We summarize the performance of different algorithms in terms of
HR@𝐾 and NDCG@𝐾 (𝑘 = 10, 20) over Movielens-1M in Table 2
and Bookcrossing in Table 3. It demonstrates that MGL outperforms
other methods in all evaluation metrics for both tail and head items,
and the overall performance. We conduct two-sample t-tests and
p-value < 0.05 indicates that the improvements of our MGL are sta-
tistically significant. Besides, We have the following observations:

• Comparedwith the graph learning based EGLN,MGL achieves
great improvements, especially on tail items. This verifies
item representations learned from skewed graph structures
contain biased information, and updating the graph structure
directly with them will further amplify this biased informa-
tion.

• Our MGL significantly outperforms its backbone LightGCN
for both head and tail items. This demonstrates the effective-
ness of the auxiliary graph for the graph-based recommender,
which can enhance the representation leaning of items by
bringing more confident neighbors to the items. In tail items,
more significant improvement can be observed, which is in-
tuitive, because they lack enough connections on the original
bipartite graph to generate confident representations.

• The re-sampling strategies adopted on LightGCN show poor
performance. The results are consistent with the previous
findings [56] that re-sampling could heavily change the
graph structure, which may hamper the sensitive GCN.

• Although GAT shows a better performance than those non-
graph based approaches, it does not show superiority com-
pared with LightGCN except in the head items of Movielens-
1M. We speculate that attentive weight learning is not suit-
able in a too sparse graph structure [51]. And historical
interactions of Movielens-1M is much denser than those of
Bookcrossing, especially on head items, according to Table 1.

• Two meta-learning methods show poor performance, which
may because they are both implemented on the conventional
two-tower model. Recent advances have proved that graph-
based methods can encode high-order information, which
can alleviate the interaction sparsity issue and improve the
performance.

5.4 Ablation Studies
5.4.1 Effect of Meta-Learning. To investigate the effect of the meta-
learning approach, we consider the following variants of MGL:

• GL: The edge generator is only supervised by the down-
stream recommendation loss L𝑟𝑒𝑐 , i.e., min

𝜃,w,E(0)
J (𝜃,w, E(0) ).
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Figure 4: Effect of Meta-Learning on Movielens-1M

Table 4: Comparison among models on Movielens-1M

OVerall Head TailModel NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10

MGL𝐵 0.04297 0.06113 0.05206 0.07986 0.01123 0.02282
MGL𝐹 0.04842 0.06935 0.05590 0.08748 0.02452 0.04528

MGL 0.05347 0.07551 0.06302 0.09610 0.02666 0.05082

• RGL: The edge generator is directly supervised by L𝑟𝑒𝑐 ,
L𝐺𝐿 , and L𝑃𝐶𝐿 , i.e., min

𝜃,w,E(0)
J (𝜃,w, E(0) ) + 𝛽F (𝜃 ).

• MGL: Our proposed model, of which the final objective is
min

𝜃,w,E(0)
J (𝜃 − 𝛼F ′(𝜃 ),w, E(0) ) + 𝛽F (𝜃 ).

Fig. 4 shows the recommending training loss w.r.t. the number of
training steps and the evaluation results on Movielens-1M. Specif-
ically, when simply coupling the edge generator with the down-
stream recommendation task, the recommending loss drops quickly
at the very beginning and turns to a steadily decreasing state after-
ward. We speculate that the reason is consistent with our analysis of
EGLN in Section 5.3, that directly utilizing the downstream skewed
graph structure as supervising signal will further amplify the biased
information and make the model converge quickly. When directly
adding L𝐺𝐿 and L𝑃𝐶𝐿 as the regularization term, the recommend-
ing loss has a slower decline and is more difficult to converge, which
is consistent with our analysis in Section 4.5, that the model tends
to focus on the easiest task among multiple targets and thus may
compromise the recommendation performance. However, under
the meta-learning schema, the recommending loss of our MGL ap-
pears to have a faster declining trend after an initial sharp drop,
instead of getting an early-stop, which is more likely to converge
to a better local optimum. This might also be the reason why MGL
has better performance than both GL and RGL, as illustrated by
the right part of Fig. 4.

5.4.2 Different Contrastive Learning Strategy. To understand the
effects of our proposed popularity-aware contrastive learning strat-
egy, we conduct experiments on MGL and its variants, of which
the results are reported in Table 4. Specifically, MGL𝐵 denotes
we implement MGL without the contrastive learning between the
learned auxiliary graph and the original one (i.e., removing 𝜆L𝑃𝐶𝐿

in Equation 15). MGL𝐹 denotes we implement contrastive learning
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(1) EGLN (2) MGL

Figure 5: The 2-D visualization of tail items onMovielens-1M.
The color represents the movie genres.

on graphs in the MGL without considering the popularity of corre-
sponding items (i.e., removing 𝑃𝑜𝑝 (·) in Equation 10). Compared
with MGL𝐵 , both MGL𝐹 and MGL achieve obviously improvements
on all the item groups, which verifies the alignment between be-
tween the learned auxiliary graph and the original one. It can
reduces the domain difference between learned and original graph
structures and thus may transfer more useful knowledge to the
meta-edge generator. However, when we also align the two views
of the tail items, MGL𝐹 performs worse than MGL, especially with
a larger performance penalty on tail items. These illustrate that
the tail items representations from the original graph structure are
not confident and will interfere with the learning of the auxiliary
graph, which also verifies the necessity of the popularity-aware
coefficient 𝑃𝑜𝑝 (·) in L𝑃𝐶𝐿 .

5.5 Embedding Visualization and Case Study
In this section, we look into the learned representations from
Movielens-1M by visualizing the embeddings. For EGLN and MGL,
we visualize the learned tail item embeddings of the top four genres
using t-SNE [45] and highlight movie genres in different colors. The
visualization results are presented in Figure 5. We can observe that
compared with EGLN, which learns a user-item residual graph from
the historical interaction, the movie clusters from MGL is more
coherent w.r.t the movie genres. This proves that our MGL can
better capture the semantic information of tail items. We attribute
the improved performance to the learned item-to-item auxiliary
graph, which can connect items attribute-similar and relevant to
the recommendation, so as to enhance representation learning for
tail items that lack enough historical interactions.

5.6 Parameter Sensitivity Analysis
Here we analyze the performances of MGL with hyper-parameters
𝛼 and 𝛽 . Limited to the space, we only show the NDCG@10 re-
sults over Movielens-1M dataset in Figure 6. We observe that MGL
achieves the best performance with 𝛼 = 0.01 and 𝛽 = 0.1. For
the meta-train step size 𝛼 for local update, we observe that the
performance steadily increases when 𝛼 increases from 0 to 0.01
and decreases quickly when 𝛼 is larger than 0.01, especially in
the tail item. Similar as 𝛽 balancing the meta-train and meta-test,
appropriate value is important for overall objective optimization.

0 0.0001 0.001 0.01 0.1 1
0.020

0.025

0.030

0.035

0.040

0.045

0.050

0.055

0.060

0.065
NDCG@10 w.r.t 

Overall
Head
Tail

0 0.01 0.05 0.1 0.5 1
0.02

0.03

0.04

0.05

0.06

NDCG@10 w.r.t 

Overall
Head
Tail

Figure 6: Hyper-parameters study on Movielens-1M.

6 CONCLUSIONS
The long-tail item distribution significantly hurts model perfor-
mance, especially in graph-based recommendation models. We
propose a novel framework MGL to learn relations among items as
an auxiliary graph to update the graph’s structure, in conjunction
with the rest of the graph-based recommender training. To tackle
the skewed downstream information, we introduce a meta-learning
approach to the learning of the auxiliary graph. Also, we propose a
popularity-aware contrastive learning strategy to prevent the neg-
ative transfer on head items, which also maintains the consistency
of the learned auxiliary graph and the original user-item bipartite
graph. Extensive experiments on the two benchmark datasets show
that MGL consistently outperforms the state-of-the-art methods.
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