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Abstract

Longer historical behaviors often improve recommendation
accuracy but bring efficient problems. As sequences get longer,
the following two main challenges have not been addressed:
(1) efficient modeling under increasing sequence length and
(2) interest drifting within historical items. In this paper, we
propose Iterative Sparse Attention for Long-sequence Recom-
mendation (ISA) with Sparse Attention Layer and Iterative
Attention Layer to efficiently capture sequential pattern and
expand the receptive field of each historical items. We take
the pioneering step to address the efficient and interest drifting
challenges for the long-sequence recommendation simultane-
ously. The theoretical analysis illustrates that our proposed
iterative method can approximate full attention efficiently. Ex-
periments on two real-world datasets show the superiority of
our proposed method against state-of-the-art baselines.

Code — https://github.com/tsinghua-fib-1ab/ISA

Introduction

With the exploration of modern personalized platforms such
as Wechat’s Channels and Taobao e-commerce etc., it is
essential to model the users’ preferences and engage them.
One of the most important tasks to model users’ preference
is the sequential recommendation (Zhou et al. 2019; Kang
and McAuley 2018; Chang et al. 2021; Qiao et al. 2024) that
leverages behavior sequence to promote the performance,
especially when the sequence is longer (Pi et al. 2020; Lin
et al. 2022a; Cao et al. 2022). However, when the sequence
becomes longer, an efficient problem will arise. Besides, it
is hard to capture the interest drift within the long sequence.
Indeed, there are two key challenges for the long-sequence
recommendation.

* User sequence is too long to achieve efficient modeling.
In the long-sequence recommendation, users often click
many items, resulting in long sequence and make the effi-
cient modeling difficult.

User interest drifts dramatically in a long sequence. As
time goes on and the accumulation of observed items, user
interest will drift dramatically between distant items in the
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Figure 1: [llustration of attention distance for sequential rec-
ommendation where the last item attends to neighborhood
items by different steps. Here the first and last items are both
about the car, and thus the first item with three steps away is
the most important item for the last item.

historical item sequence. For example, a user may prefer
ice cola in summer but prefer hot tea in winter.

To achieve efficient modeling, DIN (Zhou et al. 2018)
leverages the target item to aggregate the related historical
items. Moreover, some search-based works (Pi et al. 2020;
Chen et al. 2021; Cao et al. 2022) leverage the target item to
query and filter the historical items. However, these works
ignore the interest drifting within the historical item sequence.
To further capture the interest drifting within historical items,
SAM (Lin et al. 2022a) exploits the aggregated historical
items to query themselves. Such a way is implicit and, indeed,
will only aggregate the historical items that are indirectly
related to the target item.

To address the efficiency and interest drifting challenges
at the same time, we propose a method named ISA, a novel
iterative sparse attention for long-sequence recommendation
with Sparse Attention Layer to reduce the cost and Iterative
Attention Layer to expand the interest drifting. Specifically,
to elegantly address the efficient challenge, we leverage three
sparse attention mechanisms (Zaheer et al. 2020) from NLP
with local window attention, global attention, and random
attention. Specifically, we leverage (1) the global attention
to capture the global drifted interests of short-term items, (2)
the window attention to extract the local drifted interests of
historical items, and (3) the random attention to randomly
connect the drifted interests of pair items. However, these
sparse attention methods may fail to capture some distant
relations when correlated items are not neighboring. For ex-
ample, as the sequence is shown in Figure 1, short attention
distance with less than two steps may be insufficient when
the really correlated items are three steps away. That is to
say, each single sparse attention layer can not guarantee suf-



ficient attention distance for all items. Indeed, even for full
self-attention, the shallow layers still mainly attend to the
neighboring items (Dosovitskiy et al. 2020). Though stack-
ing the layers can help our proposed sparse attention layer
to extend the receptive field of interest drifting for distant
items (Child et al. 2019; Dai et al. 2019), it will unavoidably
introduce more costs, which may be the bottleneck for the
large-scale recommendation. Thus, our sparse attention ap-
proach still meets the interest drifting challenge for a long
sequence. Besides, to address the interest drifting challenge,
we further propose the Iterative Attention Layer, which tends
to introduce a iterative process on the proposed Sparse At-
tention Layer for approximating efficient full attention and
expanding attention distance for interest drifting. The Itera-
tive Attention Layer first calculates attention scores as the
Sparse Attention Layer. Then it extends the attention dis-
tance between historical items through the iterative process
to capture and expand the interest drifting. Specifically, we
leverage power iteration method for the Personalized PageR-
ank, which can extend the local interest drifting to the entire
sequence iteratively. We also theoretically and experimen-
tally analyze that ISA can expand the interest drifting for the
distant items and approximate the full attention efficiently.
The contributions of this paper are as below.
* To the best of our knowledge, we take the pioneering step
to address the efficient and interest drifting challenges for
the long-sequence recommendation simultaneously.

* We develop a ISA, which consists of two parts: 1) Sparse
Attention Layer that reduces cost and achieves efficient
modeling, and 2) Iterative Attention Layer that expands the
interest drifting between distant items and improves the
sparse attention.

* We evaluate our method on the long-sequence recommen-
dation. Experiments on two real-world datasets show that
ISA can effectively improve attention mechanisms and
reduce cost.

Problem Definition Before introducing our solution, we
tend to define the problem of Long-sequence Recommen-
dation. Supposing i, is the clicked item of user u at time
step t. Then if we have collected click sequence Z,
(i1,19,...,1t), the sequential recommendation task aims to
predict the click probability of user u towards target item
1441 at time step ¢ 4 1. Typically, the task with long behavior
is often with item sequence longer than hundreds, which can
be formulated as follows.

Input: Click item sequence Z,, = (iy,1s,. ..
for user u.

Output: Click probability of user u to target item ;1.

Jig),t > 100

Methodology

Our proposed ISA is illustrated in Figure 2, which consists of
five parts, where the Sparse Attention Layer and Iterative At-
tention Layer are designed for long-term modeling while the
Target Attention Layer is designed for short-term modeling.
These two layers are our main contributions to the two key
challenges. (1) Sparse Attention Layer: We propose global
attention for global drifted interests of short-term items, win-
dow attention for locally drifted interests of historical items,
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and random attention for casual drifted interests of pair items
to reduce the quadratic cost and approximate to self-attention
efficiently. (2) Iterative Attention Layer: We leverage Per-
sonalized PageRank (PPR) to expand the attention distance
and connect distant items for the sparse attentions, which is
also proven to approximate self-attention.

Long-short-term Embedding Layer

To be time-aware about the historical items, we build a
positional embedding matrix P € RT*P and an item
embedding matrix M € R™*P_ Here m is the number of
items, 7" is the maximum number of items in one sequence
for long-term behaviors, and D is the dimension of embed-
ding. Then we generate the time-aware input embedding
by adding the positional embedding and item embedding.
Therefore, for click item sequence Z,, = (i1, iz, ..., 1), We
generate the time-aware input embeddings i.e. E € RT*P,
as: E=[M;,,M,,,...,M;.]+ [P1,Ps,...,Pr|, where
[P1,Ps,...,Pr] are positions of items {iy, ia,- - ,ir}.
Notice that we will pad those sequences with click items
short than length 7' (Kang and McAuley 2018). Similarly,
we can also get short-term item embeddings E* € R(T")xP
assE* = [M;, M, ,,.... M ]+ [Py, Poys, ..., Pr],
where x is the index of the first short-term item and
T7°=T—-z+ 1.

Sparse Attention Layer

To address the first challenge, as shown in the middle part of
Figure 2, we leverage a combination of global attention, win-
dow attention, and random attention to reduce the quadratic
cost.

Global Attention The most recent short-term items are
often representative of the user’s current interests (Pal et al.
2020). These short-term interests indeed drifted from histori-
cal items long-term ago. Thus we tend to extend the attention
distance of each short-term item to the whole sequence (Za-
heer et al. 2020; Beltagy, Peters, and Cohan 2020). In other
words, the short-term items are relatively less but more im-
portant. So we introduce global attention to short-term items
which will attend to the whole historical sequence and cap-
ture the global drifted interests for them. Specifically, for the
selected short-term global items (i4, 9,41, - ., i), we have:

~aAt,:t) =1, (D

which is at O(T*T) complexity. Such complexity can be
treated as linear dependency on long-term sequence length
because of T° < T..

Here we also compare our global attention with two
existing typical works about global attention, i.e., Long-
former (Beltagy, Peters, and Cohan 2020) and BigBird (Za-
heer et al. 2020). Different from both of them (Beltagy, Peters,
and Cohan 2020; Zaheer et al. 2020), we further consider the
precursor and successor items of sequence, also known as
causality (Kang and McAuley 2018). Specifically, when pre-
dicting the target item ¢4 1, we only could consider the first ¢
items, neither item i, nor items after it. However, the tra-
ditional global attention contains embeddings of subsequent
items, which indeed will cause the leakage of future items

(A:z:,::zzy A$+1,:z+17 ..
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Figure 2: Illustration of ISA. (i) Long-short-term Embedding Layer aims to inject long-term, and short-term historical item
embeddings with a positional embedding according in a time-aware manner; (z¢) Sparse Attention Layer reduces the complexity
of full-attention by Global Attention, Window Attention, and Random Attention; (¢7¢) Iterative Attention Layer extends the
attention distance of sparse attentions and further approximate to the full-attention efficiently; (iv) Target Attention Layer
attends to the short-term items with target item and aggregates them based on the attention score; (v) Prediction Layer evolves
long-term and short-term interests with prediction towers and performs logloss to train the model. Best viewed in color.

and break causality. Hence, we improve the global attention
by masking the attention score of item 7;, towards item %y,
when t; > to. Different from Longformer (Beltagy, Peters,
and Cohan 2020) with different parameters for each attention
type, our global short-term items leverage the shared param-
eters to avoid overfitting for sparse recommendation data.
Besides, we construct global attention with the individual
short-term items, which is different from BigBird (Zaheer
et al. 2020) where items will be grouped.

Window Attention Interest often drifts gradually across
neighboring items. To capture the local drifted interest within
neighboring items, inspired by existing works (Beltagy, Pe-
ters, and Cohan 2020; Zaheer et al. 2020), we propose win-
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dow attention which will attend to neighboring items for
each historical item. Specifically, given a window size w,
each item only attends to w items on the left side (for causal-

ity). We also overlap % items to reduce the cost into linear

complexity at O(Tw?).

However, the attention distance of window attention is
limited by size w, which facilitates us to expand it by iteration
process in the subsequent Section . After our iteration, the
distance of the window attention can attend will increase by
K times with iteration steps K. Thus our ISA can attend to
distant items even under narrow window sizes and shallow
attention layers, based on the expanded iterative attention.



ISA

Length SASRec

global window random total
256 50.20% 6.07% 3.84% 0.68% 10.59%
300 50.17% 5.20% 3.28% 0.59%  9.08%

Table 1: Attention comparison between SASRec and our ISA.
Here SASRec is the model with causality to mask the future
items, while initial self-attention will be with 100% attention.
Most importantly, our ISA, with global, window, and random
attention, reduces the attention by around 40% v.s. SASRec.

Random Attention Two distant items may have potential
or casual relation, i.e., casual drifted interest. To extract such
interest, we exploit random attention to randomly connect any
pair of items. Besides, the learning intuition behind random
attention is to connect items at any distance for approximating
full attention. Theoretically speaking, a random graph with
expanding properties like Erdés-Rényi graph (Erdds, Rényi
et al. 1960) is a decent approximation of a fully-connected
graph for self-attention spectrally (Friedman 2008; Feng et al.
2022a). Specifically, for each historical item 4;,, we ran-
domly select r items (O(log(T)/T) < r < T). For each
selected item ¢;,, we have: Ay, ;, = 1,t1 < t2, which is
at O(rT') complexity. Different from BigBird (Zaheer et al.
2020) whose random attention will group the items, ISA con-
structs random attention with individual items. The reason is
that the individual item selection will generate more uniform
distributions than the group item selection, which improves
the expanding properties (Feng et al. 2022b).

To show the efficiency of the proposed Sparse Attention
Layer, we also present the comparison of ISA with the full
attention as Table 1. It is obvious that our proposed sparse
attentions reduce the number of attentions totally by around
40%, which illustrates their efficiency.

Iterative Attention Layer

To address the second challenge and expand the attention
distance of interest drifting, we will first diffuse the receptive
field of sparse attention by multiple steps, as shown in Fig-
ure 3. Then we leverage the Personalized PageRank (PPR) to
implement the attention process. Besides, to further reduce
the computational complexity, we propose the power iteration
to approximate PPR.

Multi-step Attention In the Sparse Attention Layer, the
attention matrix A is calculated by global attention, window
attention, and random attention as:

€xXp (Qin/ \/ﬁ)
S en, oxp (QK;/Vd)

where j € N; refers to the neighboring item of item 4, con-
nected by the sparse attentions. The attention matrix A rep-
resents the score between any connected item pair by initial
sparse attention graph as Figure 3 (a), where some item pairs
such as node 1 and node 3 are actually not connected. Due to
such unavoidable disconnection, sparse attention of Figure 3

Aij =

@)
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(a) may ignore some important relations. Thus, we further
propose Iterative Attention Layer to diffuse the initial sparse
attention graph by connecting the item pair multiple steps
away. For example, Figure 3 (b) is the graph after two steps
of iteration, where nodes 1 and 3 two steps away, are con-
nected. Besides, Figure 3 (c) further connects nodes 1 and 4,
which are three steps away. Formally speaking, the multi-step
attention scores are calculated below.

7= (i GkA’“> Vv,
k=0

where A is the sparse attention matrix, with the weighting
parameter 6, satisfies > -, 0x = 1,0, € [0,1]. The ini-
tial attention distance based on the sparse attention graph
will be longer as k& becomes larger. The resulting attention
score 220:0 HkAﬁ j will finally explore all paths between any
item pair < 4, j >, weighted by the parameter 6;,. Besides,
each value vector V will be multiplied and weighted by this
calculated attention score.

3

Personalized PageRank Iteration To efficiently imple-
ment the attention mechanism, we leverage Personalized
PageRank (PPR), which is a widely used method for graph
node proximity (Page et al. 1999). In PPR, the attention
weight 6, will be specified as a(1 — «)*, which keeps the
initial attention at strength « while diffusing the attention
at strength (1 — «) for each step. Based on PPR, the imple-
mented output will be as:
v

8

where « is the teleport probability hyper-parameter. We then
further adopt the power iteration method (Page et al. 1999)
to reduce the matrix exponential operation of matrix A at
Eqn. (3) into linear complexity and approximate PPR within
K iteration steps. Specifically, each power iteration step is as
below.

Loy =V =EWy,Zg1) = (1 - a)AZy) +aV,

oo

> a(l—a)bA"

k=0

“

(&)

where 0 < k < K. Here Zg is the output after K steps
iteration process, which will approximate to the real output
Z as K — oo. The proposition is as below.

Proposition 0.1. limg . Z(x) =Z
Here Z  is also the long-term representation of our ISA.

Target Attention Layer and Prediction Layer

In this section, we first illustrate the target attention for the
target attention layer, then evolve the long-term and short-
term representations by MLP for the prediction layer. Finally
we leverage the widely used logloss (Zhou et al. 2018, 2019)
to train the model.

Target Attention The target item often relates to historical
items. Inspired by existing works (Zhou et al. 2018; Pi et al.
2020; Chen et al. 2021), we leverage target attention to extract
the related short-term items. Specifically, we multiply the
query matrix Q° and key matrix K°® to obtain the attention
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Figure 3: Diagram of Iterative Attention Layer at graph perspective: (a) the graph of 1-step iteration refers to the initial sparse
attention graph; (b) the graph of 2-step iteration extends an edge from node 1 to node 3; (c) the graph of 3-step iteration extends

an edge from node 1 to node 4 and approximate to full-atten

score, which is used to weigh and sum the value matrix V¥,

as:
) SKST
z° = softmax Q Ve,
Vd (©)
QS = Mit+1 a» K® = ESW;O Vo= ESW?/v
where W§,, Wi, Wy, € RP*P are parameters to be learned.
Here M;, , , is the target item embedding, and E is the histor-

ical short-term item embedding matrix. We aim to project the
target item into query space with matrix Q°, and historical
items into key and value spaces with matrices W¥, and Wy,
here. Most importantly, z° is the output of target attention
and the short-term representation of our ISA. As there is one
target item, it is at only O(T') linear complexity, which is
also the reason why the target attention is widely adopted for
recommendation (Zhou et al. 2018; Pi et al. 2020; Lin et al.
2022a; Cao et al. 2022).

Interest Evolution To evolve the long-term and short-term
interests, we fuse the long-term representation, short-term
representation, and target item embedding into the predic-
tion tower. Before feeding different representations into the
final prediction towers, we first aggregate long-term repre-
sentation by the sum pooling as: z = Zthl Z,, which is
then finally fed into the prediction tower with the short-term
representation and target item embeddings as:

logit,, ;, = MLP (zs lz|M;,,, |20 Mit“) , (D

where logit,, , is the predicted logit for user w on time step ¢,
aiming to capture the long-term and short-term interests.

Optimization In the optimization step, we tend to optimize
the next item prediction logloss (Zhou et al. 2018, 2019)
based on the output of the prediction tower as:

1

R D> Wurlogus + (1= yue)log (1= Gue))+A | O |

(u,it)ER
)

where ¢, + = o(logit,, ,) is the predicted probability and R is
the training set. Here O is the model parameter to be learned,
and ) is the hyper-parameter for regularization.

Experiments

In this section, we experiment on two real-world datasets
and explore the answers to the research questions (RQs):
RQ1: How does the proposed ISA outperform state-of-the-
art sequential recommendation models? RQ2: What is the

tion.

)
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Dataset #Users #Items #Records Mean Length
Taobao 37,293 64,996 1,505,878 40.38
Short Video 37,497 128,758 6,413,396  171.04

Table 2: Data statistics after 10-core setting filtering.

impact of our sparse attention components? Are the high-
level components, Sparse Attention Layer and Iterative At-
tention Layer, effective? RQ3: Does the proposed ISA still
outperform state-of-the-art sequential models when varying
sequence lengths?

Experimental Settings

Datasets and Metrics As for datasets, we conduct evalu-
ations of recommendation performance on two large-scale
datasets. The data statistics after 10-core filtering are as Ta-
ble 2, where mean length is the average of sequence length
for users.

In evaluation metrics, we follow existing work (Gunawar-
dana and Shani 2015) and adopt two popular accuracy met-
rics, AUC and GAUC. Besides, MRR and NDCG@10 are
used for ranking evaluation (Chang et al. 2021).

Baselines The existing sequential recommendation mod-
els for long behaviors are based on target attention (Pi et al.
2020; Lin et al. 2022a) that aggregates historical items via
target item. But there are also some historical attention mod-
els (Kang and McAuley 2018; Hidasi et al. 2016) that further
consider the relation between historical items, which may
be ignored for the efficient problem. Thus we compare our
ISA with two types of competitive baselines: (1) Target At-
tention models like DIN (Zhou et al. 2018), SIM (Pi et al.
2020), ETA (Chen et al. 2021), UBR4CTR (Qin et al. 2020),
SAM (Lin et al. 2022a), and SDIM (Cao et al. 2022); (2) His-
torical Attention models like SASRec (Kang and McAuley
2018), Long4Rec and Bigbird4Rec. Note that Long4Rec and
Bigbird4Rec are adapted from Longformer (Beltagy, Peters,
and Cohan 2020) and Bigbird (Zaheer et al. 2020) of NLP
fields by us.

Overall performance (RQ1)

* Our ISA performs best. Our proposed method outper-
forms other baselines in the two datasets under four met-
rics. For the most important metric, GAUC, our ISA outper-
forms other baselines by 1.96% and 0.56%, respectively, in



Type Target Attention Historical Attention
Model DIN SIM ETA UBR4CTR SAM SDIM [SASRec Long4Rec Bigbird4Rec Ours
AUC [0.6898 0.8574 0.8691 0.6105 0.6787 0.8548| 0.8544  0.8601 0.8655  0.8849
Taobao MRR [0.2977 0.3683 0.4064 0.2164 0.3215 0.3418| 0.3645  0.3775 0.3799  0.4314
NDCG [0.2246 0.3053 0.3492 0.1471 0.2487 0.2783] 0.3035 0.3167 0.3201 0.3751
GAUC|0.8429 0.8639 0.8678 0.7750 0.8525 0.8514| 0.8576  0.8642 0.8653  0.8848
AUC [0.5841 0.7489 0.7490 0.5889  0.5884 0.7747| 0.7961  0.8014 0.8001 0.8079
Short Video MRR [0.8833 0.8791 0.8716 0.8737 0.8830 0.8882] 0.9063  0.9052 0.9049  0.9088
NDCG|[0.9138 0.9108 0.9053 0.9068 0.9136 0.9175| 0.9308  0.9292 0.9290  0.9327
GAUC|0.7618 0.7542 0.7438 0.7618 0.7771 0.7727] 0.8079  0.8102 0.8098  0.8147

Table 3: Overall performance comparison for ISA against baselines under Taobao and Short Video datasets on four metrics. Here
Bold is the highest result, and underline is the second highest result.
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Figure 4: Ablation study of our proposed components, where
SAL means Sparse Attention Layer and IAL means Iterative
Attention Layer.

the Taobao dataset and Short Video dataset. It is worth men-
tioning that existing works (Zhou et al. 2018; Pi et al. 2020;
Cao et al. 2022) often claim 0.5% as a significant improve-
ment for the GAUC metric. Moreover, Taobao dataset with
more sparse behaviors sees a sharper improvement, which
illustrates diffusing the sparse attention graph is beneficial
to the performance of sequential recommendation.

Modeling the historical relationship is essential. From
the results, the models with historical attention generally
outperform the target attention models, which means it is
essential to capture the historical relation. However, as the
historical items are very long for existing popular recom-
mender systems, the quadratic cost of a self-attention based
model like SASRec prevents it from real-time recommen-
dation service. Besides, the full attention of SASRec may
be redundant for sequential recommendation with sparse
behaviors, which will result in overfitting actually. Thus,
the efficient and overfitting problems facilitate us to adapt
the sparse attention method from NLP.

Ablation Study (RQ2)

In this part, we tend to study the impact of two attention
layers as Figure 4. From the ablation experiments, we can
observe that:
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Figure 5: GAUC comparisons under different sequence
lengths on the Taobao dataset.

Sparse Attention Layer is fundamental. From Figure 4,
removing SAL shows the most performance drops, which
is because this component is also fundamental to IAL.
Specifically, removing SAL means it is impossible to fur-
ther apply TAL to diffuse the sparse. At the same time,
removing SAL will make it fail to extract long-term rela-
tions for historical items and degenerate to even as poor as
some decent target attention models on the two datasets.

Iterative Attention Layer further improves Sparse At-
tentions. As shown in Figure 4, indeed, removing IAL
refers to the model with solely sparse attention for long-
term modeling. The observation that the model without
IAL outperforms the model without SAL but underper-
forms our ISA illustrates sparse attention is effective but
can be further improved by our proposed iteration process.
Thus it is essential to extend the short attention distance by
iteration.

Study on Sequence Length (RQ3)

For most popular personalized applications, there may be
users surfing many items but also users with seldom usage.
Subsequently, these two types of users will result in dramat-
ically different lengths of historical item sequences, long
or short, respectively. There is more learning bonus in a
long sequence, but however, the noise and gradient vanishing



problems will also arise. That is to say, the increase in se-
quence length may be like a coin with two sides, bringing us
both learning bonuses and challenges. Unlike long sequence,
the short sequence is with limited learning signal and often
results in overfitting. To further study the performance on
various sequence lengths, we investigate the GAUC metric at
five length categories. The results in the Taobao dataset are
as illustrated in Figure 5, where we can have the following
observations.

ISA performs the best throughout various lengths. ISA
achieves the best performance under these five sequence
length categories in both the Taobao dataset. In the Taobao
dataset, it is obvious that there is always a significant per-
formance gap between ISA and other methods. When the
sequence gets longer, the gap becomes more significant.
This may result from the extension of the iterative process.

Full attention is redundant. In the Taobao dataset, sparse
attention methods like Long4Rec and Bigbird4Rec even
outperform full attention methods like SASRec, which may
be because full attention is redundant for Taobao dataset
with shorter and sparser behaviors, resulting in overfitting.

Related Work

Sequential Recommendation In sequential recommenda-
tion, early approaches primarily centered on utilizing Markov
Chain-based techniques to model the temporal dependencies
within sequences (He and McAuley 2016). In recent years,
there has been a shift towards using deep learning techniques.
Recurrent neural networks (RNNs) have been employed to
model the temporal dependencies within sequences (Hidasi
et al. 2016; Zhou et al. 2019). Convolutional neural networks
(CNNs) have also been used to capture skip connections in
sequences (Tang and Wang 2018). Attention mechanisms
have also gained traction in the field of sequential recommen-
dation, like natural language processing (Vaswani et al. 2017;
Devlin et al. 2019) and computer vision (Dosovitskiy et al.
2020; Liu et al. 2021). In the context of the click-through rate
(CTR) prediction tasks, DIN (Zhou et al. 2018) proposed the
utilization of target attention to calculate the importance of
different historical behaviors given a candidate item. When
dealing with long-term user behavior sequences in the CTR
prediction task, SIM (Pi et al. 2020) proposed the utilization
of hard search or soft search techniques with the target item
as the query to filter a subsequence, which can also be seen
as a type of coarse target attention mechanism. SDIM (Cao
et al. 2022) proposed a simhash-based sampling method to
approximate the target attention on the entire long sequence
of historical behaviors. However, utilizing only target atten-
tion fails to capture the interactions and relationships between
historical behaviors. In the context of the next item predic-
tion task, SASRec (Kang and McAuley 2018) exploited the
self-attention with a causality mask to capture the historical
context. Furthermore, combining self-attention and target
attention can improve performance (Lin et al. 2022b).
Efficient Transformer and Self-Attention Although self-
attention has demonstrated effectiveness in various tasks, its
computational and memory requirements grow quadratically
with sequence length, rendering its application to longer se-
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quences infeasible or excessively computationally costly (Tay
et al. 2023). In response to the aforementioned challenges,
researchers have proposed different approaches (Rae et al.
2020; Choromanski et al. 2021) to reduce the computational
complexity of transformer models while maintaining their
performance. For instance, Linformer (Wang et al. 2020)
employs a low-rank decomposition of the attention matrix,
which reduces the computational time complexity to linear.
Additionally, one common technique is the use of sparse
attention, which selectively attends to a subset of the input
elements rather than the entire sequence. Longformer (Belt-
agy, Peters, and Cohan 2020) proposed to combine local
window attention and global attention to provide different
attention patterns while reducing the computational cost of
self-attention. Similarly, BigBird (Zaheer et al. 2020) im-
proves upon Longformer by introducing an efficient sparse
attention mechanism that further considers random attention.
Nonetheless, the aforementioned low-rankness and sparsity
priors of self-attention may not always hold (Tay et al. 2023),
resulting in suboptimal performance in some cases.
Iterative Diffusion Diffusion processes, a class of Markov
stochastic processes with continuous trajectories, are widely
applied in various fields (Ikeda and Watanabe 2014). In
natural language processing, graph diffusion methods ef-
ficiently utilize multi-hop neighbors in graph-structured
data while maintaining computational efficiency (Atwood
and Towsley 2016). PPNP (Klicpera, Bojchevski, and
Giinnemann 2019) firstly use a GNN to make node-level pre-
dictions and then leverage PPR to propagate these predictions
through the graph. The graph convolution diffusion model
(GDC) (Klicpera, Weilenberger, and Giinnemann 2019) is
also proposed to incorporate the general diffusion method.
Recently, MAGNA (Wang et al. 2021) proposed to incorpo-
rate multi-hop context information into attention calculation,
thus increasing the receptive field of each layer of GNN.

Conclusion

In this work, we approach the problem of long-term sequen-
tial recommendation that is highly related to the industrial
personalized service and propose a method named Iterative
Sparse Attention (ISA) to achieve long-short-term modeling.
ISA first leverages Sparse Attention Layer (SAL) to reduce
the cost and address the efficient challenge, which consists
of global, windows, and random attentions. Then, the Iter-
ative Attention Layer (IAL) expands the receptive field of
the proposed sparse attentions to address the interest drifting
challenge and further approximate to full attention effectively.
Our method is effective for long-sequence recommendation
and can efficiently approximate full attention. As for future
work, we plan to verify the performance when rich attributes
of users/items are available.
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