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ABSTRACT
Rank models play a key role in industrial recommender systems,
advertising, and search engines. Existing works utilize semantic
tags and user-item interaction behaviors, e.g., clicks, views, etc.,
to predict the user interest and the item hidden representation for
estimating the user-item preference score. However, these behavior-
tag-based models encounter great challenges and reduced effective-
ness when user-item interaction activities are insufficient, which
we called "the long-tail ranking problem". Existing rank models
ignore this problem, but it’s common and important because any
user or item can be long-tailed once they are not consistently ac-
tive for a short period. In this paper, we propose a novel neighbor
enhancement structure to help train the representation of the tar-
get user or item. It takes advantage of similar neighbors (static or
dynamic similarity) with multi-level attention operations balancing
the weights of different neighbors. Experiments on the well-known
public dataset MovieLens 1M demonstrate the efficiency of the
method over the baseline behavior-tag-based model with an abso-
lute CTR AUC gain of 0.0259 on the long-tail user dataset.1
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1 INTRODUCTION
Rank models, such as click-through rate prediction (CTR), post-
click conversion rate prediction (CVR), are fundamental modules
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in industrial recommender systems (RS), advertising, and search
engines. It can precisely predict user preference scores for items.
However, there exists a well-known cold-start problem [5] that
when users/items are new to the platform with few activities such
as clicks and purchases it is difficult to provide accurate predictions.
On the other hand, many low-frequency or long-tail users/items
have similar experience to cold start as a result of lack of activities in
a relatively recent period. Given that users/items may not be active
all the time, any user/item has a random opportunity to become a
long-tail user/item sometimes. We uniformly summarize these two
problems in rank models as "the long-tail ranking problem".
Undoubtedly, it is both challenging and promising to tackle it.

(a) static neighbours searched from the nodes
with the same related features

(b) neighbours mined from 
collaborative filtering

Figure 1: static and dynamic neighbors

The cold start situation has been explored in the match mod-
els [3, 8] in RS but almost unnoticed by the research field of rank
models. The match model, as the pre-step of the rank model, is
responsible for initially selecting a batch of items, from which the
rank model further selects the best items for the user [1]. In the
field of match algorithms, EGES [8] proposes to merge side informa-
tion with item embeddings generated through a graph embedding
model and considers the importance of different side information.
Grbovic et al. [3] propose to create embeddings for new listings
by utilizing existing embeddings of other listings similar to them.
However, current rank models [1, 2, 9, 10] mainly concentrate on
semantic properties (user demographic properties and item seman-
tic tags) and user-item interaction behaviors (clicks, views, etc.) to
predict the user interest and item hidden representation. Among
them, YoutubeDNN [2] combines the embedding representation of
user/itemwith a user historical behavior sequence, which couldwell
capture some extent of user/item relations. DIN and DIEN [9, 10]
models modify the GRU temporal model to extract the evolving
user interest behind historical clicks. Obviously, they have been
indulged by the traditional reliance on sufficient historical click
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activities for a given user or item to train its representation, while
on long-tail conditions there is none to depend on.

Therefore, to solve the long-tail ranking problem mentioned
above, we first propose a neighbor enhancement structure that can
help to train and enhance the representations of target users/items
by aggregating the embeddings of their neighbors. Furthermore, we
combine the neighbor enhancement structure with existing rank
models to strengthen their ability dealing with long tail users/items.
Generally, it is assumed that similar users favor similar items, and
therefore the representations of long-tail users/items could benefit
from their similar neighbors.

We refer to users/items as nodes in the following paper. In our
model, two types of neighbors can be obtained to enhance the
representation of the target node (Fig.1). The first type is the static
neighbors sharing the same semantic tags of a given target node
(Fig.1(a)). We assume that the nodes with the same tags should
possess similar long-term interests. The second type is thedynamic
neighbors mined from user-item interaction matrix by collaborative
filtering techniques [4] (Fig.1(b)). The assumption regarding the
dynamic neighbors is that the neighbors of the target node exhibit
similar click behaviors. Lastly, the neighbor enhancement structure,
consisting of two layers of network attention structures, is designed
to aggregate and balance the embeddings of these two types of
neighbors to form the final representation of the target node.

To summarize our main contributions:
• We design a novel neighbor-based method to enhance the
user/item representation for tackling the long-neglected
"long-tail ranking problem" in traditional behavior-tag-based
rank models. The method first obtains the neighbors of
the target user/item from two perspectives (static proper-
ties/dynamic interest), and then uses multi-level attention to
aggregate neighbors as part of the user/item representation.

• We conducted extensive experiments on the public dataset
MovieLens 1M, and the results demonstrate the efficiency of
our method in solving the long-tail ranking problem with
a significant AUC gain of 0.0259 in the long-tail MovieLens
1M’ sparse dataset.

• As far as we know, this method is the first to explicitly con-
sider the "long-tail ranking problem" in rank models. Due to
the model independence of this method, it can be easily inte-
grated with any other existing state-of-the-art rank models
to improve their performance.

2 THE PROPOSED APPROACH
In this section, we propose in detail our method (Fig.2), along with
its core components including searching neighbors and neighbors
aggregation.We choose YoutubeDNN as the baseline model because
YoutubeDNN is proven effective on the real-world video recom-
mendation platform Youtube [2], which is similar to our situation.

2.1 Searching Neighbors of the Target Node
As shown in Figure 1, given the target node, we can obtain the static
neighbors by searching the neighbors with same characteristics,
from which we drive the semantic connection (long term similar-
ity). We can obtain the dynamic neighbors by mining from their
historical click interactions to extract similarity in behavior (short

time similarity). Specifically, we choose all the other nodes with the
same static attributes of the target node as the static neighbors, and
we calculate the cosine similarity between the users and items vec-
tors in the user-item interaction matrix and then choose the most
similar nodes as the dynamic neighbors. For example, regarding
user 1, aged 20 and taking up the occupation as a teacher, we can
find neighbors with the two identical attributes. In the dynamic
situation, user 1 clicked item 1 and item 4, then we can find his
neighbors who also clicked item 1 and item 4 (Fig. 1). The process of
finding neighbors is similar for that of items. The static neighbors
searching can be formulated as meta-path [6]:

𝑈𝑠𝑒𝑟1
𝑎𝑔𝑒
−→ 20

𝑎𝑔𝑒
−→ 𝑈𝑠𝑒𝑟2 (1)

𝑈𝑠𝑒𝑟1
𝑜𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛

−→ 𝑡𝑒𝑎𝑐ℎ𝑒𝑟
𝑜𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛

−→ 𝑈𝑠𝑒𝑟2 (2)

We will choose the node with most metapaths connecting the target
node as the static neighbor. The dynamic neighbors searching can
be formulated as the vector distance [4]:

sim(𝑡𝑎𝑟𝑔𝑒𝑡, 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒) =
®𝑡𝑎𝑟𝑔𝑒𝑡 · ®𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒

∥ ®𝑡𝑎𝑟𝑔𝑒𝑡 ∥ ∗ ∥ ®𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 ∥
(3)

The nearest node will be chosen as the dynamic neighbors. The
static and dynamic neighbor searching process can be tuned through
more complex and refined calculation methods [4, 6].

2.2 Node-level Aggregation
The node-level attention layer (Fig.3 and Fig.2) is designed to aggre-
gate the embeddings of the neighbors of a given node within each
type of neighbors(static or dynamic). We aggregate the neighbor
nodes embeddings and the target node embedding together to form
a neighbor-specific representation of the target node by leveraging
the graph attention network(GAT) [7] structure, which takes into
account the importance of each neighbor to the target node. Both
users and items could utilize this structure to enhance their identity
representations.

Regarding each type of neighbor relation, we firstly derive the
weight of each neighbor node ℎ 𝑗 to the target node ℎ𝑖 within the
neighbor relation \ (static or dynamic), denoted as 𝑒\

𝑖,𝑗
, by the

following equation:

𝑒\𝑖,𝑗 = 𝑞𝑇
\
× [𝑊ℎ𝑖 | |𝑊ℎ 𝑗 ], (4)

where 𝑞𝑇
\
is the learned attention variable that is shared among

all neighbor-target pairs.𝑊 is the trainable linear transfer matrix.
We normalize all the weights of the node pairs 𝑒\

𝑖,𝑗
of the neighbor

nodes 𝑗 ∈ 𝑁\
𝑖
to the target node 𝑖 to get the coefficient of the node

pair weight 𝑎\
𝑖 𝑗
via softmax function:

𝑎\𝑖 𝑗 =
𝑒𝑥𝑝 (𝑒\

𝑖,𝑗
)∑

𝑘∈𝑁\
𝑖
𝑒𝑥𝑝 (𝑒\

𝑖,𝑘
)
. (5)

Finally, we take a weighted sum of all the neighbor embeddings
to get the final representation of the target node within the neighbor
relation \ :

𝑧\𝑖 = 𝜎 (
∑
𝑗 ∈𝑁\

𝑖

𝑎\𝑖 𝑗 × ℎ 𝑗 ), (6)
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Figure 2: Neighbor-Enhanced-YoutubeDNN model architecture. The user neighbor enhancement and item neighbor enhance-
ment are on the left and right sides of the classic YoutubeDNN structure respectively. The enhanced user/item representation
is concatenated with other embeddings and then fed into the DNN model to output the predicted value.
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Figure 3: The two-level aggregation of neighbor enhance-
ment structure
where 𝑧\

𝑖
represents the aggregated representation of target node

𝑖 within the neighbor relation \ , and the 𝜎 represents the ReLU
activation function.

2.3 Neighbor-Type-Level Aggregation
As mentioned above, there are two types of neighbors involved
in our model, static and dynamic (Fig.3), which reflect two per-
spectives of enhancement. The static neighbors possess the same
characteristics as the target node. The dynamic neighbors exhibit
similar click behaviors to the target node, and therefore they have
similar click interests. Some users may have constantly changing
click interests, for whom the static neighbor representation could
be more important. For the users with stable click interests, their
dynamic neighbor representation may be more significant. There-
fore, we take into account the different importance of each merged
neighbor-specific representation and propose a neighbor-type-level
aggregation layer to aggregate the two merged representation 𝑧\

𝑖
derived from the node-level attention to form the final representa-
tion𝑍𝑖 of the target node. The importance of each neighbor-specific

representation𝑤\𝑖 is calculated as follows:

𝑤\𝑖 = 𝑞𝑇 × 𝑡𝑎𝑛ℎ(𝑊 × 𝑧\𝑖 + 𝑏), (7)

where 𝑞 ∈ 𝑅𝐹
′
is a learnt query attention variable, and the𝑊 ∈

𝑅𝐹×𝐹
′
and 𝑏 ∈ 𝑅𝐹

′
is trained to conduct a non-linear transformation

of the input. After this, the𝑤\𝑖 is normalized by a softmax function
to obtain theweight of each neighbor-specific representation (static
or dynamic):

𝛼\𝑖 =
𝑒𝑥𝑝 (𝑤\𝑖 )∑2
𝑖=1 𝑒𝑥𝑝 (𝑤\𝑖 )

. (8)

Finally, we obtain the final representation of the target node by
taking the weighted sum of two neighbor-specific representations:

𝑍 =

2∑
𝑖=1

𝛼\𝑖 × 𝑧\𝑖 . (9)

The final representation 𝑍 of the target node is a weighted com-
bination of static and dynamic neighbor-specific representation.
Therefore, the merged final representation of the target node could
be more comprehensive than the representation of the target node
itself. Logically, this neighbors aggregation effect is more significant
for the representations of long-tail users/items.

2.4 Neighbor Enhanced YoutubeDNN
As shown in Figure 2, The embeddings of the historical click items
are aggregated by averaging to obtain a dynamic representation
of user click interests. The embeddings of different feature groups
including the representations of the enhanced user and item identity
are concatenated together and fed into the multi-layer perceptrons
(MLPs). Therefore, the predicted click-through rate(CTR) value
could benefit from the neighbor enhancement structure, because
more sufficient representations of users and items could be obtained.



Table 1: MovieLens 1M, 1M’, and 1M’ Sparse datasets

Users Items Interactions

MovieLens 1M 6040 3883 1000209
MovieLens 1M’ 5973(99%) 3333(86%) 100021

MovieLens 1M’Sparse 4956(82%) 2905(75%) 46992

3 EXPERIMENTS
3.1 Experimental Setup
Datasets. The experiments are conducted on the public movie rat-
ing dataset MovieLens 1M2. To demonstrate the effects of our model
on mitigating the long-tail ranking problem, we have conducted
some preprocessing to produce two variations of this dataset of
different extent of long-tail. Table 1 summarizes the statistics of the
datasets.

MovieLens 1M. The dataset consists of 1 million movie ratings
given by 6040 users to 3883 movies. However, each user has at least
20 movie ratings, which means there are no long-tail users.

MovieLens 1M’. We randomly select 1/10 of all the historical
interactions of theMovieLens 1M dataset to generate long-tail users
and items, denoted as MovieLens 1M’. 1558 users have rated less
than 5 movies, taking account of 26% of all users.

MovieLens 1M’ Sparse.We further processMovieLens 1M’ dataset
by removing users with more than 30 historical interactions, which
produces a dataset with a higher proportion of long-tail users and
items, with 31% users having less than 5 movie ratings.

To simulate the online CTR prediction problem, we consider all
the rating instances given by users to movies as the positive click
instances, whose label is 1. We randomly sample the other movies
never viewed by the user as the negative click samples, labeled as 0.
We randomly select 3 negative instances for each positive instance.

Model Comparison. We choose the state-of-art video rank
model YoutubeDNN as our baseline to verify the usefulness of
our method in solving the long-tail ranking problem. Note that the
neighbor enhancement structure can be easily integrated with any
other rank models, e.g., DIN or DIEN, because it doesn’t interfere
with the upper MLP structure (Fig.2).

Parameter Settings. (1) neighbors setting. The number of neigh-
bors of the target node using in the final model (Fig.2) is a hyperpa-
rameter, which can be tuned manually. In our case, we choose at
most 50 static neighbors and 10 dynamic neighbors for each target
node. (2) network setting. The embedding size of the user/item
ID: 32, the network structure: 128-64-32, the optimizer: Adam, the
activation function: ReLU in the first two layers and sigmoid in the
last layer, dropout rate: 0.3, learning rate:0.005. These settings are
shared between our Neighbor-Enhanced-YoutubeDNN model and
the baseline YoutubeDNN model. For the neighbor enhancement
structure, the dimensions of the q attention variable of the two
attention layers are set to be 64 and 32, respectively.

3.2 Results
Overall, the experimental results of the enhanced model surpass
the baseline model in all three datasets. We use the 𝐴𝑈𝐶 value
(Area Under ROC) as the evaluation metric for the CTR experi-
ments. An AUC gain of 0.001 is remarkable, which could lead to a
2https://grouplens.org/datasets/movielens/1m/

Table 2: Experiment result on MovieLens 1M

Model AUC

YoutubeDNN 0.9779
Neighbor-Enhanced-YoutubeDNN 0.9790(+0.0011)

Table 3: Experiment result on MovieLens 1M’

Model AUC

YoutubeDNN 0.9579
Neighbor-Enhanced-YoutubeDNN 0.9631(+0.0052)

Table 4: Experiment result on MovieLens 1M’ Sparse

Model AUC

YoutubeDNN 0.8872
Neighbor-Enhanced-YoutubeDNN 0.9131(+0.0259)
User-Enhanced-YoutubeDNN 0.9081(+0.0218)
Item-Enhanced-YoutubeDNN 0.8913(+0.005)

significant online performance improvement in industrial recom-
mendation systems. In MovieLens 1M dataset, it increases 0.0011
in absolute AUC value, which indicates that even if the situation
is not long-tailed there may also get an improvement (Table 2).
For those two long-tail datasets, the advantages are obvious, with
absolute AUC gains rising to 0.0052 and 0.0259 (Table 3 and Ta-
ble 4). Besides, we conducted ablation tests in the MovieLens 1M’
Sparse dataset to demonstrate the effect of neighbor enhancement
structure from user and item perspectives separately. The User-
Enhanced-youtubeDNN and Item-Enhanced-youtubeDNN in Ta-
ble 4 represent the models that include the neighbor enhancement
structures only in user perspective and item perspective respec-
tively. The absolute AUC gains of them are about 0.0218 and 0.005. It
confirms the assumption that the neighbor enhancement structure
can enhance the representation of both users and items, mitigating
the long-tail ranking problem.

4 CONCLUSIONS AND FUTUREWORK
In this paper, we tackle the long-neglected "long-tail ranking prob-
lem" with a novel neighbor enhancement method. We obtain the
neighbors of the target user/item from two perspectives, static
and dynamic, and then enhances the representation of a given
user/item by aggregating its neighbors with multi-level attention,
which weights different neighbor nodes and balance the effects of
static and dynamic neighbors. Public dataset experiments demon-
strate the effectiveness of our suggested method. In the future, we
will try more advanced neighbor searching methods to further mit-
igate "the long-tail ranking problem" and explore the algorithm
effectiveness in other rank applications, such as CVR, like rate.
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