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Abstract
Transformer-based sequential recommendation (SR) models excel at
modeling long-range dependencies, but suffer from high computa-
tional costs and catastrophic forgetting during continuous updates.
Although continual learning has been applied to recommendation,
existing methods gradually forget long-term user preferences and
remain underexplored in SR. In this paper, we introduce Continual
Sequential Transformer for Recommendation (CSTRec), which
effectively adapt to current interests by leveraging preserved his-
torical knowledge. Its core is Continual Sequential Attention
(CSA), a linear attention tailored for continual SR, which partially
retain historical knowledge without direct access to prior data. CSA
features: (1) Cauchy-Schwarz Normalization to stabilize learning
over time under uneven user interaction frequencies, and (2) Col-
laborative Interest Enrichment via shared, learnable interest pools to
mitigate forgetting. We also introduce a new technique for new user
adaptation by transferring historical knowledge from existing users
with similar interests. Extensive experiments show CSTRec’s su-
perior performance in both knowledge retention and acquisition.1
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1 Introduction
Sequential recommendation (SR) has gained prominence in both
academia and practical applications by capturing sequential pat-
terns in user behavior to enhance next item prediction [11, 17, 34,
56]. Earlier studies use Markov chains [3, 32] and Recurrent Neural
Networks (RNNs) [13, 46] to model temporal dependencies in user
behavior sequences. However, both approaches estruggle to capture
long-range dependencies as sequence length increases [17]. To ad-
dress this, Transformer-based SR models [10, 17, 35, 47, 58] employ
self-attention to focus on the most relevant behaviors regardless of
position [38]. With its remarkable performance, Transformer has
become the dominant approach in SR.

Nevertheless, applying Transformer-based SR models to real-
world applications presents non-trivial challenges. As user behav-
ior sequences are continuously arriving, models should adapt to
new information for timely recommendations [4, 7, 24]. A simple
approach is to retrain the model using the entire user behavior
sequences accumulated along data streams. However, training on
the whole sequences is extremely time-consuming [27, 43], due
to the quadratic complexity of self-attention with respect to in-
put length [5, 18, 40]. Moreover, this approach is impractical in
scenarios where not all historical interactions are accessible (e.g.,
privacy issues) or where memory constraints prevent storing com-
plete sequences during both training and inference [43, 57]. A more
cost-effective alternative is to fine-tune the model using only new
sequences. However, such overreliance on transient interests risks
forgetting historical user interests that may reemerge later, thereby
significantly limiting recommendation accuracy [42, 43, 50].

Continual learning (CL) [20, 21, 25], a well-established approach
to updating a model with non-stationary data streams, has been ac-
tively studied for recommendation [27, 41, 42, 50, 59]. With the goal
of adapting to new data while preserving previously learned knowl-
edge, there are two dominant CL approaches: (1) Regularization-
based methods [41, 42, 50] impose constraints on the parameter
space to prevent significant changes from previously trained param-
eters. (2) Replay-based methods [2, 27, 59] store small portions of
historical data and reuse them in subsequent training, with external
memory being updated over time.
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Although existing CLmethods retain interests from the relatively
recent past, they are insufficient to preserve those from the dis-
tant past, gradually forgetting long-term preferences. Specifically,
regularization-based methods rely on the most recently learned
parameters to transfer acquired knowledge into the subsequent
training process. As this greedy preservation continues, new infor-
mation gradually dilutes historical knowledge, leading to unavoid-
able forgetting. Similarly, replay-based methods are constrained by
limited memory capacity, which necessitates continually updating
stored data with newer interactions. This reduces access to older
data, further hindering the retention of historical user interests. Fur-
thermore, most CLmethods have focused on non-sequential models
(e.g., matrix factorization [14, 55], graph neural networks [41, 42]),
leaving their application in SR relatively underexplored.

We proposeContinual SequentialTransformer forRecommenda
tion (CSTRec), which continuously updates a transformer-based SR
model with non-stationary data streams. CSTRec aims to preserve
historical interests and leverage them to adapt to current ones,
ultimately capturing the trajectory of user interests over time. To
facilitate the preservation of historical knowledge, we borrow the
idea of linear attention [5, 18, 40]. Linear attention approximates
self-attention by performing linear computations at each position
and sequentially accumulating hidden states over time, similar to
the hidden state propagation in RNNs. This allows the model to
partially retain historical knowledge through parametric memories
without direct access to all historical sequences, while emulating
the expressive power of self-attention [22, 28].

However, naively applying linear attention to continual SR yields
suboptimal results due to two challenges: (1) unstable training,
caused by an imbalance in the number of interactions per user along
data streams; hidden states accumulate user behaviors over time,
resulting in disproportionately large values for active users and
small values for less active users. This imbalance leads to uneven
magnitudes and updates across users, making optimization highly
unstable. (2) inevitable forgetting, caused by the continual update of
hidden states with new sequences over time. This causes historical
knowledge to be continuously overwritten and gradually forgotten.

As a solution, we introduce Continual Sequential Attention
(CSA), a specialized linear attention for continual SR, featuring two
novel components: (1) Cauchy-Schwarz Normalization to resolve
unstable learning. Leveraging the Cauchy-Schwarz inequality, we
dynamically adjust the magnitudes of hidden states to address the
imbalance caused by disparities in the number of interactions. (2)
Collaborative Interest Enrichment to alleviate inevitable forgetting.
We utilize learnable interest pools that store historical interests.
For each user context, we retrieve the most relevant interests from
the pools and use them to compensate for forgotten user interests.
With CSA, CSTRec not only inherits the strengths of linear atten-
tion but also effectively addresses its limitations for continual SR.
Furthermore, to facilitate the accommodation of newly joined users,
we introduce a new technique called Pseudo-Historical Knowledge
Assignment. By leveraging the historical knowledge of existing
users with similar behavioral patterns, it allows new users to be
effectively integrated into CSA computation.

Our contributions are summarized as follows:

• We highlight the challenges of employing transformer-based SR
models in non-stationary data streams, which have not been stud-
ied well in the previous literature. To the best of our knowledge,
we are the first to address these challenges.

• We propose CSTRec equipped with CSA—a linear attention mech-
anism tailored for continual SR—to effectively retain historical
knowledge and acquire current one, thereby capturing the tra-
jectory of user interests over time.

• We validate the effectiveness of CSTRec through comprehensive
experiments on real-world datasets and provide in-depth analyses
to validate each proposed component.

2 Related Work
Sequential Recommendation (SR). Earlier SR studies [3, 32, 33]
employ Markov chains (MC). FPMC [32] bridges matrix factor-
ization and MC for next-basket recommendation, while LME [3]
applies metric learning to learn Markov embeddings. With the ad-
vent of deep learning, RNNs have been applied in SR [13, 23, 36, 46].
GRU4Rec [13] pioneers Gated Recurrent Units (GRUs), and [36]
further improves RNN-based models by augmenting data and ad-
dressing data distribution shifts. NARM [23] employs two different
GRUs to encode both the sequential pattern and the main inter-
est within a given session. Recently, transformer-based SR mod-
els [10, 17, 35, 47, 58] have shown exceptional performance by
effectively capturing long-range dependencies via self-attention,
thereby becoming dominant in SR. SASRec [17] pioneers the use
of self-attention [38], and BERT4Rec [35] applies bidirectional self-
attention [8]. SSE-PT [47] addresses the lack of personalization in
the Transformer by employing stochastic shared embeddings [48].

However, updating Transformer-based SR models along data
streams poses two non-trivial challenges: high training costs and
catastrophic forgetting, which remain underexplored. Further study
is needed to extend the applicability of SR models to real-world
applications with continuously arriving user behavior sequences.
Continual Learning (CL). CL is a well-established research area
to update a model along data streams [21, 52, 53]. The goal of
CL is to effectively balance knowledge acquisition and retention
over time [16, 19, 54]. Recently, CL has been actively studied for
recommendation [1, 2, 12, 27, 41, 42, 50, 51, 59] to rapidly adapt
to new data while leveraging well-preserved historical knowledge.
Two key CL approaches are (1) regularization [20, 25, 41, 42] and
(2) experience replay [27, 29, 30, 59].

Regularization-based methods penalize rapid changes to previ-
ously trained parameters. For example, LWC-KD [41] introduces
contrastive knowledge distillation between the parameters of the
previously and currently trained graph neural networks. SAIL-
PIW [42] proposes personalized imitation weights to adjust knowl-
edge retention based on user preferences being static or dynamic.
On the other hand, replay-based methods store and retrieve his-
torical data from external memory, which is continuously updated.
ADER [27] assigns memory slots to each item based on its frequency
in data streams and retains (session, target item) pairs whose ses-
sion features are closest to the average feature vector. Reloop2 [59]
introduces a self-correcting loop that stores mispredicted samples
in a non-parametric memory to improve future learning.

However, existing CL methods fall short of retaining long-term
user interests and thus suffer gradual forgetting. This is primarily
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due to the sequential integration of previously learned knowledge
into subsequent training processes. As models continually adapt to
non-stationary data streams, historical knowledge becomes diluted
by new information and is gradually forgotten, making it difficult
to capture long-term user preferences. Furthermore, most prior
studies have focused solely on non-sequential models, leaving their
application in SR relatively underexplored. Therefore, it is necessary
to develop a specialized approach tailored to continual SR.

3 PRELIMINARIES
3.1 Problem Formulation
Weview the entire data stream𝐷 as consecutive data blocks [𝐷1, 𝐷2,

. . . , 𝐷𝑡 , . . . ], where 𝐷𝑡 contains interaction sequences observed
during the time period 𝑡 (e.g., weekly or monthly). Let U𝑡 and
I𝑡 be the set of users and items within 𝐷𝑡 , respectively. Let 𝑆𝑡𝑢 =

[𝑖𝑡1, . . . , 𝑖𝑡𝑘 , . . . , 𝑖
𝑡

|𝑆𝑡𝑢 | ] be the sequence of items with which user 𝑢
interacted in 𝐷𝑡 , where 𝑖𝑡𝑘 denotes the 𝑘-th item in 𝑆𝑡𝑢 . Traditional
SR aims to predict the next item 𝑖𝑡|𝑆𝑡𝑢 |+1 given 𝑆

𝑡
𝑢 . Building upon

this, our task (i.e., continual SR) is to predict the next item for each
incoming interaction sequence (i.e., 𝑆1𝑢 , 𝑆2𝑢 , . . . , 𝑆𝑡𝑢 , . . . ). Note that at
each time period 𝑡 , we update the model parameters solely on the
newly arrived block 𝐷𝑡 , without accessing any previous data 𝐷<𝑡 .

3.2 Background
3.2.1 Transformer-based SR model. The architecture of the
Transformer-based SR models [17] consists of multi-head attention
(MH), a position-wise feed-forward network (FFN), layer normal-
ization, and dropout. Given an input sequence 𝑆𝑡𝑢 = [𝑖𝑡1, . . . , 𝑖𝑡𝑁 ] of
𝑁 items, we embed each item into a 𝑑-dimensional vector and stack
them to form E𝑆𝑡𝑢 ∈ R𝑁×𝑑 . E𝑆𝑡𝑢 serves as the initial hidden states
H0, on which the self-attention operation is performed as follows:

head𝑖 = softmax
( (H𝑙−1W(𝑖 )

𝑄
) (H𝑙−1W(𝑖 )

𝐾
)⊤

√
𝑑

)
(H𝑙−1W(𝑖 )

𝑉
),

MH(H𝑙−1) = Concat(head1, . . . , headℎ)W𝑂 , (1)

G𝑙−1 = LayerNorm(H𝑙−1 + Dropout(MH(H𝑙−1))),

H𝑙 = LayerNorm(G𝑙−1 + Dropout(FFN(G𝑙−1))),

where H𝑙 ∈ R𝑁×𝑑 is the hidden states at the 𝑙-th Transformer layer
(𝑙 = 1, . . . , 𝐿). The weightsW(𝑖 )

𝑄
,W(𝑖 )

𝐾
,W(𝑖 )

𝑉
∈ R𝑑×(𝑑/ℎ) are for the

query, key, and value in attention head𝑖 , whereℎ is the total number
of heads. W𝑂 ∈ R𝑑×𝑑 projects the multi-head attention output. We
use H𝐿 = [h𝐿1 , . . . , h𝐿𝑁 ]

⊤ (from the 𝐿-th Transformer layer) for next
item prediction via a dot product with item embeddings.
Training.We use the binary cross-entropy loss on block 𝐷𝑡 :

LBCE = −
∑︁

𝑆𝑡𝑢 ∈𝐷𝑡

𝑁 −1∑︁
𝑗=1

[
log𝜎 (e⊤

𝑖𝑡
𝑗+1

h𝐿𝑗 ) +
∑︁

𝑖neg∈Ineg
log

(
1 − 𝜎 (e⊤𝑖negh

𝐿
𝑗 )
) ]

(2)

where 𝜎 is the sigmoid function, Ineg ⊂ I1:𝑡 \ 𝑆𝑡𝑢 is the set of ran-
domly sampled negative items per time step and I1:𝑡 =

⋃𝑡
𝑡 ′=1 I𝑡

′

is the union of items seen along all previous data blocks 𝐷1, . . . , 𝐷𝑡 .
Inference.We compute relevance scores 𝜎 (EI1:𝑡 h𝐿

𝑁
) ∈ [0, 1] | I1:𝑡 |

by taking the dot product between the item embeddings EI1:𝑡 ∈
R | I1:𝑡 |×𝑑 and the hidden state at the last position h𝐿

𝑁
∈ R𝑑 , which

encodes information across all positions [35]. These scores are then
used to rank items for next item prediction.

3.2.2 LinearAttention. Linear attention [5, 18, 40] was originally
designed to approximate self-attention in linear time—reducing its
quadratic O(𝑁 2) to O(𝑁 ). More recently, it has been extended to
store past knowledge in parametric memories, thereby mitigating
forgetting [22, 28]. Given the (𝑙 − 1)-th layer hidden states H𝑙−1 ∈
R𝑁×𝑑 , we form Q = H𝑙−1W𝑄 ,K = H𝑙−1W𝐾 ,V = H𝑙−1W𝑉 ∈ R𝑁×𝑑

(omitting the head-specific index for clarity) and denote their 𝑖-
th rows by q𝑖 , k𝑖 , v𝑖 ∈ R𝑑 , respectively. A standard self-attention
head computes [a1, . . . , a𝑁 ]⊤ = softmax

(
QK⊤
√
𝑑

)
V ∈ R𝑁×𝑑 . In linear

attention, the output at the 𝑖-th position a𝑖 ∈ R𝑑 is computed:

a𝑖 =

∑𝑖
𝑗=1 sim(q𝑖 , k𝑗 )v𝑗∑𝑖
𝑗=1 sim(q𝑖 , k𝑗 )

(3)

sim(q𝑖 , k𝑗 ) is expressed as 𝜙 (q𝑖 )⊤𝜙 (k𝑗 ), using a kernel feature map
function 𝜙 (e.g., ELU [6]). Subsequently, Eq.(3) is rewritten as:

a𝑖 =

∑𝑖
𝑗=1 𝜙 (q𝑖 )⊤𝜙 (k𝑗 )v𝑗∑𝑖
𝑗=1 𝜙 (q𝑖 )⊤𝜙 (k𝑗 )

=
𝜙 (q𝑖 )⊤

∑𝑖
𝑗=1 𝜙 (k𝑗 )v⊤𝑗

𝜙 (q𝑖 )⊤
∑𝑖

𝑗=1 𝜙 (k𝑗 )
=
𝜙 (q𝑖 )⊤s𝑖
𝜙 (q𝑖 )⊤z𝑖

, (4)

where s𝑖 =
𝑖∑︁
𝑗=1

𝜙 (k𝑗 )v⊤𝑗 , z𝑖 =
𝑖∑︁
𝑗=1

𝜙 (k𝑗 ) (5)

Here, s𝑖 ∈R𝑑×𝑑 is called attention memory that encapsulates keys
and values. Meanwhile, z𝑖 ∈R𝑑 is called normalizer memory that
contains only keys. These memories are sequentially updated by
combining thememories from the previous position (i.e., s𝑖−1 and z𝑖−1)
with the current values (i.e., 𝜙 (k𝑖 )v⊤𝑖 and 𝜙 (k𝑖 )), similar to hidden
state propagation in RNNs:

s𝑖 = s𝑖−1 + 𝜙 (k𝑖 )v⊤𝑖 , z𝑖 = z𝑖−1 + 𝜙 (k𝑖 ) (6)

Note that s𝑖 and z𝑖 accumulate knowledge from position 1 to 𝑖
in the input sequence 𝑆𝑡𝑢 , serving as parametric memories [28].
Through these memories, linear attention partially retains historical
knowledgewithout direct access to all previous positions [22], while
approximating self-attention’s expressiveness.

4 CSTRec
We present CSTRec, designed to effectively update Transformer-
based SR model with data streams. We begin by discussing how
linear attention can be applied naively to continual SR (§4.1). Next,
we present Continual Sequential Attention, a specialized linear
attention for continual SR (§4.2), and introduce a new technique to
facilitate accommodation of new users (§4.3). Lastly, we present the
optimization process (§4.4). Figure 1 shows an overview of CSTRec,
with main notations summarized in Table ??.

4.1 Applying Linear Attention to Continual SR
Wedescribe the operation of linear attention in continual SR through
five steps: (1) retaining historical knowledge, (2) acquiring current
knowledge, (3) integrating both knowledge, (4) computing attention,
and (5) updating historical knowledge. Assume that the model has
been trained up to data block 𝐷𝑡−1, and is now being updated with
data block 𝐷𝑡 . We omit the user index 𝑢 for notational simplicity.
(1) Retaining historical knowledge. At this point, the model

stores historical knowledge in two parametric memories per
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Figure 1: Overview of CSTRec, illustrating the computation of attention output a𝑡𝑖 for the 𝑖-th item in the incoming sequence 𝑆𝑡𝑢 .
Following the Multi-head CSA, we apply the same transformer sublayer architecture (§3.2.1)—dropout, layer normalization,
and the position-wise feed-forward network. AGG denotes the aggregation of historical and current knowledge in Eq. (16).

user: attention memory s𝑡−1 and normalizer memory z𝑡−1. The
superscript denotes the time axis, indicating knowledge up to
𝐷𝑡−1. Note that these memories are continuously updated along
the data stream (i.e., s1 → · · · → s𝑡−2 → s𝑡−1).

(2) Acquiring current knowledge.When an incoming user se-
quence 𝑆𝑡𝑢 arrives, the model encodes current knowledge into
attention memory s̃𝑡𝑖 and normalizer memory z̃𝑡𝑖 as follows:

s̃𝑡𝑖 =
𝑖∑︁
𝑗=1

𝜙 (k𝑡𝑗 ) (v𝑡𝑗 )⊤, z̃𝑡𝑖 =
𝑖∑︁
𝑗=1

𝜙 (k𝑡𝑗 ) (7)

Note that these current memories (i.e., s̃𝑡𝑖 and z̃𝑡𝑖 ) capture only
up-to-date knowledge from the first to the 𝑖-th item in 𝑆𝑡𝑢 .

(3) Integrating historical and current knowledge.We combine
the attention and normalizer memories from both historical and
current knowledge into s𝑡𝑖 and z𝑡𝑖 , respectively, as follows:

s𝑡𝑖 = s𝑡−1 + s̃𝑡𝑖 , z𝑡𝑖 = z𝑡−1 + z̃𝑡𝑖 (8)

(4) Computing attention output. Finally, the attention output at
the 𝑖-th position a𝑡𝑖 ∈ R𝑑 is computed by rewriting Eq. (4):

a𝑡𝑖 =
𝜙 (q𝑡𝑖 )⊤s𝑡𝑖
𝜙 (q𝑡

𝑖
)⊤z𝑡

𝑖

(9)

This attention output reflects the comprehensive context of both
historical and current knowledge, allowing CSTRec to capture
long-term user preferences along data streams.

(5) Updating historical knowledge. After training on 𝐷𝑡 , the
model updates two parametric memories per user as follows:

s𝑡 = s𝑡−1 + s̃𝑡𝑁 , z𝑡 = z𝑡−1 + z̃𝑡𝑁 , (10)

where s̃𝑡
𝑁

=
∑𝑁
𝑗=1 𝜙 (k𝑡𝑗 ) (v𝑡𝑗 )⊤ and z̃𝑡

𝑁
=

∑𝑁
𝑗=1 𝜙 (k𝑡𝑗 ) are the

memories at the last position of the 𝑁 -item sequence 𝑆𝑡𝑢 . The
updated memories s𝑡 and z𝑡 remain frozen during training.

However, this naive application yields suboptimal results due to two
main challenges: First, unstable learning arises from an imbalance
in the number of interactions per user along data streams. Because

the memories accumulate item representations from the given se-
quence over time (Eq. (10)), their magnitudes grow increasingly
large for active users while remaining relatively small for less active
users. This disproportion across users leads to wide variation in
attention output magnitudes, with active users empirically produc-
ing larger values. This in turn makes optimization highly unstable
(without CSN in Figure 2), and the instability worsens as more data
accumulates over time. Second, inevitable forgetting occurs as
new data continuously update the memories, gradually causing
them to forget previously acquired knowledge. In the following
sections, we introduce our solutions to these challenges.

4.2 Continual Sequential Attention (CSA)
We propose CSA, a tailored linear attention mechanism for con-
tinual SR. It comprises two key components: (1) Cauchy-Schwarz
Normalization to prevent unstable learning, and (2) Collaborative
Interest Enrichment to alleviate the inevitable forgetting.

4.2.1 Cauchy-Schwarz Normalization (CSN). We introduce
CSN, a simple yet effective normalization technique based on the
Cauchy-Schwarz inequality. CSN is applied during the computation
of attention outputs to ensure stable learning. Let q′𝑖 = 𝜙 (q𝑡𝑖 ) and
aorig = a𝑡𝑖 . Then, Eq. (9) becomes aorig =

(q′
𝑖
)⊤s𝑡

𝑖

(q′
𝑖
)⊤z𝑡

𝑖

. Here, we apply
the Cauchy–Schwarz inequality to impose an upper bound on the
denominator, thereby scaling the attention output magnitudes:

(q′𝑖 )⊤z𝑡𝑖 ≤ ∥q′𝑖 ∥2∥z𝑡𝑖 ∥2 (11)

By replacing the denominator in aorig with its Cauchy–Schwarz
upper bound, we obtain acsn as follows:

acsn =

(
q′𝑖

∥q′
𝑖
∥2

)⊤ (
s𝑡𝑖

∥z𝑡
𝑖
∥2

)
= q̂⊤𝑖 r

𝑡
𝑖 , (12)

where q̂𝑖 ∈ R𝑑 is the L2-normalized query, and r𝑡𝑖 ∈ R𝑑×𝑑 is CSN
attention memory, respectively. In terms of L2 norms, ∥acsn∥2 =
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Figure 2: Effects of CSN onYelp. (Left)Magnitude distribution
of linear attention output. (Right) Validation performance.
For ‘w/o CSN’, we apply layer normalization to the attention
outputs to promote stable training.

|cos𝜃𝑞𝑧 |·∥aorig∥2, where cos𝜃𝑞𝑧 =
(q′

𝑖
)⊤z𝑡

𝑖

∥q′
𝑖
∥2 ∥z𝑡𝑖 ∥2

=
acsn
aorig

. As 0 ≤ |cos𝜃𝑞𝑧 | ≤
1, acsn adaptively adjusts the magnitude between 0 and the original
scale, preventing excessive divergence and keeping them within a
stable range. As acsn only modifies the overall magnitude, it main-
tains the information in aorig. Figure 2 shows that CSN effectively
scales the magnitudes, enabling stable and effective optimization
while taking advantage of linear attention.

4.2.2 Collaborative Interest Enrichment (CIE). We propose
CIE to alleviate the inevitable forgetting and enhance the learning
process. As its core, CIE introduces two types of interest pools,
each comprising a small set of learnable key–pattern pairs (i.e., P =

{(𝜅𝑖 , P𝑖 )}𝑀𝑖=1), where each key𝜅𝑖 ∈ R𝑑 is used formatching, and each
pattern P𝑖 ∈ R𝐿×𝑑 encodes a distinct aspect of user interests. By
leveraging this diverse interest knowledge, these pools are utilized
to enrich the memories (i.e., s𝑡𝑖 and z

𝑡
𝑖 ) by selecting the most relevant

interest for each user context.
The motivations for introducing interest pools are twofold. First,

unlike the backbone transformer parameters that are frequently
updated through next-item prediction, each pool updates only the
most relevant pattern for a given user context. This selective update
preserves specific aspects of past knowledge and reduces overwrit-
ing. Second, the pools are globally shared across users, allowing
similar users to collectively reinforce these patterns. As a result,
they become more robust to forgetting and allow for leveraging
recent behaviors of similar users when recalling historical patterns.
Historical and current interest pools. CIE leverages two interest
pools: (1) Historical interest pool (P𝐻 ), focusing on past interests
to complement historical knowledge. (2) Current interest pool (P𝐶 ),
focusing on new interests to enrich current knowledge. Simply put,
P𝐻 aims to preserve long-term preferences, while P𝐶 supplements
sparse information on emerging user interests, thereby ensuring
the model covers both historical and current knowledge.

We employ a key-pattern pair design [37, 44, 45], where relevant
patterns are retrieved through a matching process. Each pool holds:

P𝐻 = {(𝜅𝐻𝑖 , P𝐻𝑖 )}
𝑁𝐻

𝑖=1 , 𝜅𝐻𝑖 ∈ R𝑑 , P𝐻𝑖 ∈ R𝐿𝐻 ×𝑑 ,

P𝐶 = {(𝜅𝐶𝑗 , P𝐶𝑗 )}
𝑁𝐶

𝑗=1, 𝜅𝐶𝑗 ∈ R𝑑 , P𝐶𝑗 ∈ R𝐿𝐶×𝑑 (13)

𝑁 and 𝐿 are hyperparameters that determine each pool’s capacity:
𝑁 specifies the number of interests stored (variety of knowledge),
and 𝐿 specifies the length of each interest (level of detail). We
provide a detailed study in §5.3.3.

Interest enrichment. Given an input sequence 𝑆𝑡𝑢 = [𝑖𝑡1, . . . , 𝑖𝑡𝑁 ],
we obtain historical and current contexts c𝐻𝑢 , c𝐶𝑢 ∈ R𝑑 from its last
hidden state from the final Transformer layer.2 Using these contexts,
we retrieve the most relevant interest in each pool. For c𝐻𝑢 and c𝐶𝑢 ,
we identify the best-matching indices 𝑖∗𝑢 and 𝑗∗𝑢 in pools P𝐻 and
P𝐶 , respectively, using a matching function 𝛾 .3

𝑖∗𝑢 = argmin
𝑖∈{1,...,𝑁𝐻 }

𝛾 (c𝐻𝑢 , 𝜅𝐻𝑖 ), 𝑗∗𝑢 = argmin
𝑗∈{1,...,𝑁𝐶 }

𝛾 (c𝐶𝑢 , 𝜅𝐶𝑗 ) (14)

Note that we store the best-matching indices and use them at the
inference phase, enabling interest enrichment with negligible costs.
The corresponding interest knowledge P𝐻

𝑖∗𝑢
and P𝐶

𝑗∗𝑢
form historical

interest enrichment (Δs𝐻 ,Δz𝐻 ) and current interest enrichment
(Δs𝐶 ,Δz𝐶 ), respectively. These are computed using the key- and
value-projection matricesW𝐾 andW𝑉 , as in Eq. (5):

Δs𝐻 =

𝐿𝐻∑︁
𝑙=1

𝜙 ({P𝐻
𝑖∗𝑢
[𝑙, :]W𝐾 ) (P𝐻𝑖∗𝑢[𝑙, :]W𝑉 )⊤, Δz𝐻 =

𝐿𝐻∑︁
𝑙=1

𝜙 (P𝐻
𝑖∗𝑢
[𝑙, :])W𝐾

Δs𝐶 =

𝐿𝐶∑︁
𝑙=1

𝜙 (P𝐶
𝑗∗𝑢
[𝑙, :]W𝐾 ) (P𝐶𝑗∗𝑢[𝑙, :]W𝑉 )⊤, Δz𝐶 =

𝐿𝐶∑︁
𝑙=1

𝜙 (P𝐶
𝑗∗𝑢
[𝑙, :])W𝐾

(15)
We then extend Eq. (8) to aggregate both aspects as follows:

s𝑡𝑖 = s𝑡−1 + Δs𝐻︸       ︷︷       ︸
Historical knowledge

+ s̃𝑡𝑖 + Δs𝐶︸    ︷︷    ︸
Current knowledge

z𝑡𝑖 = z𝑡−1 + Δz𝐻︸       ︷︷       ︸
Historical knowledge

+ z̃𝑡𝑖 + Δz𝐶︸    ︷︷    ︸
Current knowledge

(16)

The enriched memories s𝑡𝑖 and z
𝑡
𝑖 from Eq. (16) are then passed to

the CSN step in Eq. (12). Lastly, we introduce the following loss for
accurate matching:

Lmatch =
1

|𝐷𝑡 |
∑︁
𝑆𝑡𝑢 ∈𝐷𝑡

[
𝛾 (c𝐻𝑢 , 𝜅𝐻𝑖∗𝑢 ) + 𝛾 (c

𝐶
𝑢 , 𝜅

𝐶
𝑗∗𝑢
)
]
, (17)

This loss function pulls selected keys closer to corresponding con-
texts, allowing for progressively capturing more accurate interests.
As a result, historical and current interests encode distinguishable
knowledge. Please refer to §5.3.4 for further analysis.

4.3 Pseudo-Historical Knowledge Assignment
One critical challenge in continual SR is accommodating newly
joined users who have no past interactions. At time period 𝑡 , new
users have current memories (s̃𝑡𝑖 , z̃

𝑡
𝑖 ), but has no historical ones

(s𝑡−1, z𝑡−1). To address this, we introduce a pseudo-historical knowl-
edge assignment that leverages the historical knowledge of exist-
ing users with the most similar behavioral patterns. For each new
user, the process involves two steps: (1) identifying the top-𝐾 exist-
ing users with similar current interests, and (2) assigning pseudo-
historical knowledge derived from their historical knowledge.

First, for each new user 𝑢, we identify top-𝐾 existing users N𝑢 :
N𝑢 = {𝑢′ | argsort

𝑢′∈U𝑡 \U𝑡
new

𝛾 (c𝐶𝑢 , c𝐶𝑢′ ) [: 𝐾]}, (18)

2The computation follows the Transformer layer with CSA (§3.2.1). During the at-
tention computation in Eq. (12), we use (s̃𝑡

𝑖
, z̃𝑡

𝑖
) for c𝐶𝑢 to better focus on the current

interest, while leveraging (s𝑡
𝑖
, z𝑡

𝑖
) to reflect both historical and current aspects for c𝐻𝑢 .

3In this work, we use cosine distance for its simplicity.
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Algorithm 1: CSTRec algorithm on 𝑡-th data block (𝐷𝑡 )
Input :Data block 𝐷𝑡 = {𝑆𝑡𝑢 }𝑢∈U𝑡 , Model𝑀 ( ·;𝜃 ) , Pools P𝐻 , P𝐶 ,

Memories {s𝑡−1𝑢 , z𝑡−1𝑢 | 𝑢 ∈ U𝑡 \ U𝑡
new }

Output :Updated model𝑀 ( ·;𝜃 ) , Updated Pools P𝐻 , P𝐶 , Updated
Memories {s𝑡𝑢 , z𝑡𝑢 | 𝑢 ∈ U𝑡 }

1 for each epoch do
2 if epoch % 𝑅 = 0 then
3 Assign pseudo-historical knowledge s𝑡−1𝑢 , z𝑡−1𝑢 , ∀𝑢 ∈ U𝑡

new ⊲ Eq. (19)
4 Identify the best-matching indices 𝑖∗𝑢 , 𝑗∗𝑢 , ∀𝑢 ∈ U𝑡 ⊲ Eq. (14)

5 for each CSTRec layer do
6 for each head do
7 Acquire current memories at the 𝑖-th position s̃𝑡

𝑖
, z̃𝑡

𝑖
⊲ Eq. (7)

8 Retrieve historical memories s𝑡−1, z𝑡−1

9 Derive (Δs𝐻 ,Δz𝐻 ,Δs𝐶 ,Δz𝐶 ) then enrich (s𝑡
𝑖
, z𝑡

𝑖
) ⊲ Eq. (15), (16)

10 Compute attention output a𝑡
𝑖
using CSN ⊲ Eq. (12)

11 Aggregate multi-head results, followed by FFN, Dropout, LayerNorm

12 Optimize the parameters by minimizing the loss ⊲ Eq.(20)

13 Update historical memories s𝑡𝑢 , z𝑡𝑢 , ∀𝑢 ∈ U𝑡 ⊲ Eq. (10)

whereU𝑡 \ U𝑡
new is the set of existing users in 𝐷𝑡 , excluding new

users. Here, c𝐶𝑢 is the context of current interest, obtained from the
last hidden state of 𝑆𝑡𝑢 (§4.2.2). Next, we generate pseudo-historical
knowledge, weighted by their similarity scores𝜓 (𝑢,𝑢′) as:

s𝑡−1𝑢 =
∑︁

𝑢′∈N𝑢

𝜓 (𝑢,𝑢′)s𝑡−1𝑢′ , z𝑡−1𝑢 =
∑︁

𝑢′∈N𝑢

𝜓 (𝑢,𝑢′)z𝑡−1𝑢′ , (19)

where s𝑡−1𝑢 and z𝑡−1𝑢 are the pseudo-historical knowledge for the
new user 𝑢. We use the Softmax function to obtain normalized
weight.4 Now, s𝑡−1𝑢 and z𝑡−1𝑢 serve as historical knowledge for CSA
computation. This technique complements the lack of historical
data for new users, facilitating their adaptation in CSTRec.

4.4 Optimization of CSTRec
The final learning objective of CSTRec is as follows:

min
𝜃,P𝐻 ,P𝐶

LBCE + 𝜆matchLmatch (20)

where 𝜃,P𝐻 ,P𝐶 are the parameters of CSTRec and interest pools.
LBCE and Lmatch are defined in Eqs. (2) and (17), and 𝜆match is a
hyperparameter for balancing the losses. The training process is
detailed in Algorithm 1. Pseudo knowledge assignment (line 3) and
interest pool retrieval (line 4) are performed every 𝑅 epochs, as
conducting them every epoch is unnecessary and time-consuming.
TimeComplexityAnalysis. For each transformer layer in CSTRec,
the CSA head with the CIEmodule requiresO

(
𝑁𝑑2

)
for linear atten-

tion (Eq. (4)) and O
(
(𝐿𝐻 +𝐿𝐶 )𝑑2

)
for interest enrichment (Eq. (15)),

yielding O
(
(𝑁 + 𝐿𝐻 + 𝐿𝐶 )𝑑2

)
≈ O

(
𝑁𝑑2

)
. This further simplifies to

O
(
𝑁
)
, since 𝑁≫𝑑 and 𝑑 is a fixed constant [26, 49]. Identifying the

best-matching indices (Eq. (14)) and top-𝐾 existing users (Eq. (18))
requires O

(
|U𝑡 | (𝑁𝐻 + 𝑁𝐶 )𝑑

)
and O

(
|U𝑡

new | ( |U𝑡 | − |U𝑡
new |)𝑑

)
, re-

spectively. Both operations run only once every 𝑅 epochs—not per
layer or per position—so their amortized overhead per epoch is
negligible compared to the cost of a single transformer layer.
Efficiency of CSTRec. Compared to the self-attention, CSTRec
shows comparable efficiency for training and greatly reduced ef-
ficiency for inference via three key designs: (1) Building upon lin-
ear attention, CSTRec reduces computational complexity with re-
spect to the input length from O(𝑁 2) to O(𝑁 ). (2) During training,
4𝜓 (𝑢,𝑢′ ) = exp(c𝐶𝑢 · c𝐶

𝑢′ /𝜏 )/
∑

𝑢′ ∈N𝑢 exp(c𝐶𝑢 · c𝐶
𝑢′ /𝜏 )

Table 1: Data block statistics after preprocessing.
Data Blocks D0 (60%) D1 (10%) D2 (10%) D3 (10%) D4 (10%)

G
ow

al
la

# of users (new users) 30,682(30,682) 2,364(692) 2,227(828) 2,334(902) 2,490(1,082)
# of items (new items) 68,189(68,189) 3,006(920) 2,879(1,059) 3,000(1,123) 3,076(1,169)

# of interactions 1,754,145 49,637 45,738 46,956 49,127
Avg. Seq Length 57.17 21.00 20.54 20.12 19.73

Sparsity 0.9992 0.9930 0.9929 0.9933 0.9936

M
L-
1M

# of users (new users) 3,978(3,978) 820(777) 767(567) 844(597) 932(109)
# of items (new items) 2,845(2,845) 1,680(6) 1,768(4) 1,726(0) 1,876(18)

# of interactions 498,877 77,470 77,382 76,933 76,619
Avg. Seq Length 125.41 94.48 100.89 91.15 82.21

Sparsity 0.9559 0.9438 0.9429 0.9472 0.9562

Ye
lp

# of users (new users) 104,281(104,281) 7,340(3,634) 7,065(3,820) 7,173(3,643) 8,260(4,312)
# of items (new items) 52,290(52,290) 5,736(669) 5,708(843) 6,283(1,093) 7,183(1,401)

# of interactions 1,449,055 66,365 64,364 68,152 84,820
Avg. Seq Length 13.89 9.04 9.11 9.50 10.26

Sparsity 0.9997 0.9984 0.9984 0.9985 0.9986

CSTRec efficiently performs CIE and pseudo-historical knowledge
assignment at predefined intervals 𝑅, reducing overhead. (3) During
inference, CSTRec leverages the best-matching indices identified
during the training, enabling efficient CIE with negligible costs. A
detailed analysis of efficiency is provided in Table 4.

5 Experiments
5.1 Experimental Setup
5.1.1 Datasets. We use three real-world datasets: Gowalla, ML-
1M, and Yelp, following [21, 26, 42, 49]. To simulate non-stationary
data streams, we split each dataset chronologically. The first 60% of
the data serves as the base block (𝐷0), which is used to pretrain all
methods before the continual updates begin. The remaining 40% is
equally divided into four incremental blocks (𝐷1 to 𝐷4), following
prior CL studies [21, 27, 50]. We apply 𝑘-core filtering with 𝑘 = 5 for
Yelp and 𝑘 = 10 for other datasets for each block. Each interaction
sequence in a block is split into training, validation, and test sets
based on item positions: the last item serves as the test label, the
second-to-last item as the validation label, and the remaining items
are used for training. Table 1 presents detailed statistics.

5.1.2 Evaluation metrics. Recent CL studies [9, 21] have em-
ployed specialized metrics to evaluate a model’s ability to retain
and acquire knowledge over time. Following these work, we adopt
two CL metrics: Retained Average (RA) and Learning Average (LA).
Specifically, we construct a performance matrix 𝐴 ∈ R𝑡×𝑡 , where
each entry 𝑎𝑖 𝑗 (with 𝑖 ≥ 𝑗 ) represents the recommendation per-
formance on block 𝑗 after training on block 𝑖 . After updating the
model on the 𝑡-th block (i.e., 𝐷𝑡 ), we report the following metrics:
• RA : 1

𝑡

∑𝑡
𝑖=1 𝑎𝑡,𝑖 evaluates knowledge retention from past blocks.

• LA : 1
𝑡

∑𝑡
𝑖=1 𝑎𝑖,𝑖 evaluates knowledge acquisition from new blocks.

Additionally, we report H-mean, the harmonic mean of LA and
RA, to provide an overall comparison of a model’s capability [9].
We use Hit@20 (H@20), MRR@20 (M@20) [39], and NDCG@20
(N@20) [15] as evaluation metrics [9, 42, 50]. All results are aver-
aged over five independent runs with different random seeds. Note
that we report results after training on 𝐷2, 𝐷3 and 𝐷4 in Tables 2
and 3, as forgetting becomes evident at those stages, but not on 𝐷1.
5.1.3 Baselines. For a thorough evaluation, we adopt two distinct
training setups and compare state-of-the-art methods for each setup.
(1) Fine-tune: The model is continually updated using only the

incoming data block, without direct access to historical data.
We compare the following state-of-the-art CL methods:
• SAIL-PIW [42] is a regularization-basedmethod that assigns
regularization weights based on user preference shift.
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• Reloop2 [59] is a replay-based method that uses an error
memory module to improve future recommendations.

• IMSR [43] is an incremental learning framework for SR,
which utilizes multiple interest representations for each user.

(2) Full-batch: The model is updated with all incremental blocks.
We compare recent methods designed to capture user interests
formed over long periods (i.e., lifelong or long-term SR models):
• HPMN [31] uses GRUs for personalized memorization to
capture multi-scale sequential patterns in lifelong sequences.

• LimaRec [49] builds upon a linear attention mechanism to
capture multi interests of users within lifelong sequences.

• LinRec [26] proposes an L2-normalized linear attention
mechanism that leverages dual-side normalization techniques.

As a representative transformer-based SRmodel, we use SASRec [17]
for performance comparison in both setups. For baselines without
their own architecture (i.e., SAIL-PIW and Reloop2), we integrate
their modules into SASRec to evaluate their peformance on SR.

5.1.4 Implementation details. We utilize PyTorch with CUDA,
utilizing RTX 3090 GPU and AMD EPYC 7413 CPU. Hyperparame-
ters are tuned through grid search on the validation set. The learn-
ing rate is chosen from {0.0001, 0.0002, 0.0005}. 𝐿2 regularization
for Adam is chosen from {5e-6, 1e-5, 5e-5, 1e-4}, and the dropout
ratio from {0.05, 0.075, 0.1, 0.125}. The number of heads ℎ, layers
𝐿, and negative samples are set to 2. The dimension 𝑑 is set to 64
for ML-1M, 32 for Gowalla, and 16 for Yelp. In the fine-tune setup,
the window sizes are set to 50, 25, and 10 for each dataset, respec-
tively, and are doubled in the full-batch setup to better capture
long-term dependencies. These choices align with the guideline
of maintaining a ratio of sequence length to dimension greater
than 1.5 for long-term SR scenarios [26], while also considering
the average sequence lengths. For CSTRec, the number of interests
𝑁𝐻 , 𝑁𝐶 is chosen from {10, 20, ..., 50}, interest lengths 𝐿𝐻 , 𝐿𝐶 from
{10, 20, 50}. The number of similar users 𝐾 for pseudo-historical
knowledge assignment is chosen from {5, 10, 15, 20, 25}. We fix
𝜆match = 1e-4 (performance is largely insensitive to this choice),𝜏 =
1.0, and𝐶 = 5. For baseline-specific hyperparameters, we follow the
search ranges reported in the original papers.

5.2 Performance Comparison
Table 2 and Table 3 show the overall performance under the fine-
tune and full-batch setups, respectively. In both setups, CSTRec
consistently outperforms the baselines by effectively retaining his-
torical knowledge (RA) while acquiring current knowledge (LA),
achieving a better balance between them (H-mean).

5.2.1 Fine-tune setup. Overall, CSTRec shows superior perfor-
mance across all data blocks compared to state-of-the-art CL meth-
ods, including regularization-based (i.e., SAIL-PIW), replay-based
(i.e., Reloop2), and multi-interest incremental SR (i.e., IMSR) ap-
proaches. Unlike conventional CL methods that gradually dilute
historical knowledge, CSTRec, equipped with CSA (featuring CSN
and CIE), effectively preserves historical user interests (reflected in
improved RA) while leveraging them to facilitate the learning of
current user interests (reflected in LA). Moreover, CSTRec strate-
gically leverages existing users’ historical knowledge to enhance
adaptation for new users, further improving overall performance.

Analysis on various user groups. For a more thorough assess-
ment of the model’s capabilities in (1) knowledge retention, (2)
knowledge acquisition, and (3) balancing these aspects, we perform
a user-level analysis. We compare two CL baselines, IMSR and SAIL-
PIW, which show competitive results in the main tables. After fine-
tuning on 𝐷4, we report the results on three distinct user groups:
(1) Dormant users who interact only in 𝐷1 and 𝐷4 (i.e., inactive

during 𝐷2 and 𝐷3).
(2) New users who are newly joined in 𝐷4.
(3) Active users who interact across all blocks, from 𝐷1 to 𝐷4.
Figure 3 shows that CSTRec consistently outperforms IMSR and
SAIL-PIW for all user groups. These results collectively support the
superiority of CSTRec in retaining historical knowledge (dormant
users), adapting to current knowledge (new users), and balancing
them to provide high-quality recommendations (active users).

5.2.2 Full-batch setup. Compared to various long-term SR base-
lines, including self-attention (i.e., SASRec), and RNN-based (i.e.,
HPMN), and linear attention (i.e., LimaRec and LinRec) methods,
CSTRec more effectively captures knowledge from data streams, as
evidenced by improved performance across data blocks. In general,
self- and linear attention approaches outperform the RNN-based
method by capturing long-range dependencies. CSTRec further
enhances performance by capturing the trajectory of user interests
over time. Specifically, CIE provides additional user-specific guid-
ance by leveraging collaborative signals to enrich both historical
and current user interests. Moreover, CSN ensures stable learn-
ing along data streams, addressing the instability often observed
in training linear attention-based methods. This complementary
synergy is reflected in the enhanced 𝐻 -mean performance.

In summary, CSTRec enables effective adaptation to continu-
ously arriving data while mitigating the forgetting of previously
acquired knowledge during fine-tuning. CSTRec also shows strong
capabilities in capturing long-term preferences from data streams
and improving recommendation quality in full-batch setup. These
results collectively support the effectiveness of CSTRec in handling
continuously incoming user behavior sequences for continual SR.

5.3 Study of CSTRec
We provide comprehensive analyses of CSTRec. In this section, we
report the results on Gowalla dataset.

5.3.1 Accuracy and efficiency analysis. We compare the accu-
racy and efficiency of three attention mechanisms: self-attention
(SASRec), linear attention (LimaRec, LinRec), and CSA (CSTRec).
For CSA, we also compare ‘CSN only’, which excludes all other
components, to verify CSN’s standalone efficacy. Table 4 presents
the results on 𝐷4 under a full-batch setup. Here, training time indi-
cates the total time to complete the training process, and inference
time measures the time to generate recommendations for all users.
Accuracy aspect. CSA (CSN only) shows significant performance
gains over linear attention (LimaRec), highlighting the effectiveness
of CSN for stable optimization of linear attention in the continual
SR problem. Moreover, CSA (CSTRec) further improves accuracy
through CIE, which enriches historical and current interests in a
complementary manner, as also evidenced by its superior perfor-
mance over self-attention (SASRec) and linear attention (LinRec).
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Table 2: Overall performance comparison for fine-tune setup. * indicates 𝑝 < 0.05 for the paired t-test against the best baseline.

Fine-tune After 𝐷2 After 𝐷3 After 𝐷4
RA LA H-mean RA LA H-mean RA LA H-mean

Gowalla

Hit@20

SASRec 0.5157 0.6242 0.5648 0.4456 0.6423 0.5261 0.3890 0.6486 0.4863
SAIL-PIW 0.5153 0.6239 0.5644 0.4476 0.6426 0.5276 0.3901 0.6492 0.4874
Reloop2 0.5158 0.6243 0.5649 0.4456 0.6423 0.5261 0.3890 0.6486 0.4863
IMSR 0.5177 0.6162 0.5627 0.4526 0.6350 0.5285 0.3980 0.6412 0.4912

CSTRec 0.5356* 0.6281* 0.5782* 0.4747* 0.6468* 0.5476* 0.4247* 0.6545* 0.5151*

MRR@20

SASRec 0.3806 0.4661 0.4191 0.3128 0.4724 0.3763 0.2550 0.4728 0.3313
SAIL-PIW 0.3814 0.4652 0.4192 0.3150 0.4725 0.3780 0.2553 0.4735 0.3318
Reloop2 0.3806 0.4661 0.4191 0.3127 0.4724 0.3763 0.2548 0.4728 0.3312
IMSR 0.3828 0.4498 0.4136 0.3187 0.4596 0.3764 0.2609 0.4606 0.3332

CSTRec 0.3939* 0.4631 0.4257* 0.3301* 0.4731 0.3889* 0.2681* 0.4747 0.3423*

NDCG@20

SASRec 0.4118 0.5029 0.4529 0.3433 0.5120 0.4110 0.2854 0.5139 0.3670
SAIL-PIW 0.4123 0.5022 0.4528 0.3455 0.5121 0.4126 0.2860 0.5145 0.3677
Reloop2 0.4117 0.5029 0.4528 0.3433 0.5119 0.4110 0.2853 0.5138 0.3669
IMSR 0.4140 0.4885 0.4482 0.3494 0.5002 0.4114 0.2920 0.5026 0.3693

CSTRec 0.4265* 0.5015 0.4610* 0.3631* 0.5135 0.4254* 0.3035* 0.5164 0.3820*

ML-1M

Hit@20

SASRec 0.5783 0.7710 0.6609 0.4768 0.7594 0.5858 0.3511 0.7119 0.4703
SAIL-PIW 0.5807 0.7726 0.6630 0.4780 0.7608 0.5872 0.3525 0.7136 0.4719
Reloop2 0.5785 0.7714 0.6612 0.4771 0.7597 0.5861 0.3513 0.7122 0.4706
IMSR 0.5754 0.7646 0.6566 0.4763 0.7479 0.5820 0.3484 0.6969 0.4646

CSTRec 0.5857 0.7815* 0.6696* 0.4830* 0.7714* 0.5940* 0.3555 0.7311* 0.4784*

MRR@20

SASRec 0.1383 0.1755 0.1547 0.1139 0.1699 0.1363 0.0780 0.1535 0.1034
SAIL-PIW 0.1387 0.1764 0.1553 0.1143 0.1708 0.1369 0.0785 0.1544 0.1041
Reloop2 0.1384 0.1755 0.1548 0.1136 0.1699 0.1362 0.0781 0.1533 0.1034
IMSR 0.1385 0.1756 0.1549 0.1149 0.1690 0.1368 0.0778 0.1517 0.1029

CSTRec 0.1484* 0.1940* 0.1682* 0.1204* 0.1885* 0.1470* 0.0823* 0.1732* 0.1115*

NDCG@20

SASRec 0.2334 0.3041 0.2641 0.1921 0.2971 0.2333 0.1364 0.2735 0.1821
SAIL-PIW 0.2342 0.3051 0.2650 0.1928 0.2980 0.2341 0.1371 0.2746 0.1829
Reloop2 0.2334 0.3042 0.2642 0.1920 0.2971 0.2332 0.1365 0.2733 0.1821
IMSR 0.2329 0.3028 0.2633 0.1929 0.2938 0.2328 0.1357 0.2688 0.1804

CSTRec 0.2434* 0.3218* 0.2772* 0.1990* 0.3152* 0.2440* 0.1410* 0.2940* 0.1906*

Yelp

Hit@20

SASRec 0.1076 0.1220 0.1143 0.0985 0.1242 0.1098 0.0886 0.1263 0.1041
SAIL-PIW 0.1108 0.1249 0.1174 0.1001 0.1320 0.1138 0.0873 0.1349 0.1059
Reloop2 0.1076 0.1219 0.1143 0.0985 0.1243 0.1099 0.0886 0.1263 0.1042
IMSR 0.1075 0.1206 0.1137 0.0973 0.1232 0.1087 0.0890 0.1253 0.1042

CSTRec 0.1175* 0.1383* 0.1271* 0.1048* 0.1427* 0.1208* 0.0895 0.1431* 0.1101*

MRR@20

SASRec 0.0232 0.0251 0.0241 0.0210 0.0257 0.0231 0.0189 0.0260 0.0219
SAIL-PIW 0.0243 0.0260 0.0251 0.0211 0.0271 0.0237 0.0185 0.0278 0.0222
Reloop2 0.0232 0.0251 0.0241 0.0210 0.0257 0.0231 0.0189 0.0260 0.0219
IMSR 0.0236 0.0253 0.0244 0.0208 0.0258 0.0230 0.0187 0.0260 0.0217

CSTRec 0.0250 0.0282* 0.0265* 0.0216 0.0287* 0.0246* 0.0190 0.0287 0.0226

NDCG@20

SASRec 0.0411 0.0457 0.0433 0.0375 0.0466 0.0415 0.0337 0.0473 0.0394
SAIL-PIW 0.0426 0.0470 0.0448 0.0378 0.0494 0.0428 0.0331 0.0505 0.0400
Reloop2 0.0411 0.0457 0.0433 0.0375 0.0466 0.0415 0.0337 0.0473 0.0394
IMSR 0.0414 0.0455 0.0434 0.0371 0.0464 0.0412 0.0336 0.0471 0.0392

CSTRec 0.0446* 0.0515* 0.0479* 0.0393* 0.0528* 0.0451* 0.0338 0.0529* 0.0412*

Table 3: Overall performance comparison for full-batch setup. * indicates 𝑝 < 0.05 for the paired t-test against the best baseline.

Full-batch After 𝐷2 After 𝐷3 After 𝐷4
RA LA H-mean RA LA H-mean RA LA H-mean

Gowalla

Hit@20

SASRec 0.7125 0.7117 0.7121 0.7190 0.7172 0.7181 0.7155 0.7137 0.7146
HPMN 0.6916 0.6886 0.6901 0.6991 0.6939 0.6965 0.6973 0.6914 0.6943
LimaRec 0.6537 0.6286 0.6409 0.6743 0.6333 0.6532 0.6848 0.6354 0.6592
LinRec 0.7132 0.7117 0.7125 0.7169 0.7159 0.7164 0.7138 0.7128 0.7133
CSTRec 0.7200* 0.7177* 0.7189* 0.7263* 0.7230* 0.7246* 0.7218* 0.7188* 0.7203*

MRR@20

SASRec 0.5906 0.5732 0.5818 0.5938 0.5703 0.5818 0.5850 0.5690 0.5769
HPMN 0.5846 0.5745 0.5795 0.5673 0.5587 0.5629 0.5625 0.5554 0.5590
LimaRec 0.4788 0.3978 0.4338 0.4714 0.3846 0.4231 0.5062 0.3949 0.4434
LinRec 0.6080 0.5881 0.5979 0.6026 0.5832 0.5927 0.5819 0.5759 0.5789
CSTRec 0.6077 0.5920 0.5997 0.6054* 0.5867 0.5958* 0.5834 0.5731 0.5782

NDCG@20

SASRec 0.6190 0.6056 0.6122 0.6231 0.6048 0.6138 0.6156 0.6029 0.6092
HPMN 0.6095 0.6011 0.6053 0.5981 0.5904 0.5942 0.5940 0.5873 0.5906
LimaRec 0.5191 0.4505 0.4820 0.5187 0.4416 0.4767 0.5479 0.4501 0.4941
LinRec 0.6326 0.6170 0.6247 0.6292 0.6143 0.6217 0.6119 0.6072 0.6096
CSTRec 0.6339* 0.6214 0.6276 0.6335* 0.6186* 0.6259* 0.6158* 0.6073 0.6115

ML-1M

Hit@20

SASRec 0.6669 0.7208 0.6928 0.5598 0.6485 0.6009 0.4559 0.5676 0.5057
HPMN 0.1321 0.1387 0.1353 0.1229 0.1301 0.1264 0.1082 0.1184 0.1131
LimaRec 0.4554 0.4919 0.4728 0.3959 0.4418 0.4174 0.3411 0.3859 0.3619
LinRec 0.4783 0.5314 0.5035 0.4168 0.4807 0.4465 0.3446 0.4194 0.3783
CSTRec 0.6764* 0.7248 0.6998* 0.5799* 0.6548* 0.6151* 0.4785* 0.5776* 0.5234*

MRR@20

SASRec 0.1542 0.1738 0.1635 0.1295 0.1536 0.1405 0.1063 0.1321 0.1178
HPMN 0.0229 0.0239 0.0234 0.0219 0.0227 0.0223 0.0197 0.0210 0.0203
LimaRec 0.1084 0.1160 0.1120 0.0966 0.1050 0.1005 0.0830 0.0912 0.0869
LinRec 0.1206 0.1336 0.1268 0.1052 0.1201 0.1122 0.0865 0.1040 0.0945
CSTRec 0.1658* 0.1901* 0.1771* 0.1381* 0.1660* 0.1508* 0.1123* 0.1430* 0.1258*

NDCG@20

SASRec 0.2646 0.2925 0.2779 0.2216 0.2604 0.2395 0.1811 0.2259 0.2010
HPMN 0.0458 0.0479 0.0468 0.0431 0.0452 0.0441 0.0383 0.0414 0.0398
LimaRec 0.1828 0.1968 0.1895 0.1609 0.1774 0.1686 0.1384 0.1544 0.1459
LinRec 0.1979 0.2196 0.2082 0.1724 0.1980 0.1843 0.1421 0.1720 0.1557
CSTRec 0.2764* 0.3069* 0.2909* 0.2332* 0.2722* 0.2512* 0.1909* 0.2371* 0.2115*

Yelp

Hit@20

SASRec 0.1012 0.0981 0.0997 0.1098 0.0986 0.1039 0.1144 0.1012 0.1074
HPMN 0.1537 0.1462 0.1499 0.1438 0.1436 0.1437 0.1299 0.1389 0.1343
LimaRec 0.1018 0.1010 0.1014 0.0928 0.0930 0.0929 0.0864 0.0868 0.0865
LinRec 0.1440 0.1299 0.1366 0.1388 0.1286 0.1335 0.1289 0.1259 0.1274
CSTRec 0.1647* 0.1605* 0.1626* 0.1486* 0.1529* 0.1507* 0.1290 0.1425* 0.1353

MRR@20

SASRec 0.0221 0.0214 0.0218 0.0238 0.0210 0.0223 0.0249 0.0218 0.0233
HPMN 0.0321 0.0301 0.0311 0.0300 0.0294 0.0297 0.0274 0.0284 0.0279
LimaRec 0.0220 0.0217 0.0219 0.0203 0.0199 0.0201 0.0185 0.0185 0.0185
LinRec 0.0311 0.0278 0.0294 0.0295 0.0272 0.0283 0.0275 0.0267 0.0271
CSTRec 0.0343* 0.0325* 0.0334* 0.0308* 0.0307* 0.0307* 0.0279 0.0289 0.0284

NDCG@20

SASRec 0.0390 0.0378 0.0384 0.0420 0.0376 0.0397 0.0439 0.0387 0.0411
HPMN 0.0580 0.0547 0.0563 0.0541 0.0536 0.0539 0.0492 0.0518 0.0505
LimaRec 0.0390 0.0385 0.0388 0.0357 0.0354 0.0356 0.0329 0.0330 0.0330
LinRec 0.0551 0.0495 0.0522 0.0527 0.0487 0.0506 0.0491 0.0477 0.0484
CSTRec 0.0620* 0.0597* 0.0608* 0.0558* 0.0565* 0.0561* 0.0494 0.0529* 0.0511
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Table 4: Accuracy and efficiency of attention mechanisms.

Method H@20 M@20 N@20 Training
time (s)

Inference
time (s)

Self-attention (SASRec) 0.7162 0.5828 0.6142 225.26 4.57
Linear attention (LimaRec) 0.6730 0.4754 0.5214 249.43 3.46
Linear attention (LinRec) 0.7102 0.5847 0.6143 213.90 2.74
CSA (CSN only) 0.7168 0.5888 0.6188 177.70 1.97
CSA (CSTRec) 0.7218 0.5965 0.6259 216.12 2.44

Table 5: Ablation study on Gowalla under the fine-tine setup.

CSN CIE-H CIE-C PKA RA LA H-mean H-mean
Imp (%)

x x x x 0.3847 0.6307 0.4779 0.00
x o o o 0.3908 0.6321 0.4830 +1.07
o x o o 0.4142 0.6550 0.5075 +6.19
o o x o 0.4166 0.6533 0.5088 +6.47
o o o x 0.4074 0.6517 0.5014 +4.50
o o o o 0.4247 0.6545 0.5151 +7.78

Table 6: New-user performance with top-𝐾 users in PKA.

K 0 (no PKA) 5 10 15 20 25 Imp (%)
H@20 0.6677 0.6731 0.6711 0.6714 0.6731 0.6741 +0.96
M@20 0.4181 0.4231 0.4214 0.4192 0.4193 0.4305 +2.97
N@20 0.4766 0.4818 0.4799 0.4786 0.4786 0.4877 +2.33

Efficiency aspect. Compared to the self-attention, CSA (CSTRec)
shows comparable efficiency for training and greatly reduced effi-
ciency for inference. Building upon the linear attention, CSA main-
tains the linear complexity with respect to the input length. Also,
the additional computation introduced by the proposed modules
is negligible compared to the baseline attention mechanisms. In
contrast, self-attention (SASRec) incurs the highest inference time
due to its quadratic complexity. Linear attention (LinRec) incurs
relatively high inference costs due to the repeated application of
its dual-side normalization techniques, while Linear attention (Li-
maRec) shows the slowest training time because its multi-interest
module for all users adds extra computational overhead.

5.3.2 Ablation study. Table 5 presents a detailed ablation study
on 𝐷4 of Gowalla. CIE-H and CIE-C denote the use of historical
and current interests, respectively (§4.2.2). PKA refers to pseudo-
historical knowledge assignment (§4.3). First, CSN contributes to
the stable accumulation of knowledge, as evidenced by the overall
performance gains when it is included. Second, both CIE-H and CIE-
C effectively enrich historical and current interests, respectively.
This is supported by a decrease in RA and LAwhen each component
is excluded. Third, PKA supports new-user adaptation by leveraging
existing historical knowledge. Without it, both RA and LA drop,
with a larger decline in RA. This suggests that failing to properly
accommodate new users can negatively affect overall performance.
Performance on new users is analyzed in the next section. Finally,
the best H-mean is achieved when all modules are used together,
highlighting the synergy among the proposed components.

5.3.3 Hyperparameter study. Table 6 presents the impact of top-
𝐾 users in PKA on recommendation performance for new users.
Here,𝐾=0 indicates the case that PKA is not used. For all values of𝐾 ,
PKA shows better performance compared to not using it. This result
indicates that PKA effectively addresses the lack of information in
newly incoming users, thereby facilitating their adaptation.

Figure 4 provides results with varying the number (𝑁 ) and length
(𝐿) of interest pools, where 𝑁 improves diversity and 𝐿 adds depth.

Dormant Users
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Figure 3: Hit@20 results on Gowalla across three user groups.
(Blue: IMSR, Orange: SAIL-PIW, Green: CSTRec)
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Figure 4: Impact of the number and length of interests.
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Figure 5: t-SNE visualization of interest pools.
We report the averaged H-mean from 𝐷2 to 𝐷4. We find that allo-
cating more capacity to the current interest pool yields the best re-
sults, highlighting the importance of capturing complex and diverse
trends in incoming data blocks. In CSTRec, historical knowledge is
leveraged to facilitate learning new interests, so fewer parameters
suffice. Also, long-term user preferences encoded in historical pool
tend to be less dynamic compared to the variety of transient inter-
ests in the current data block, which may also explain this tendency.
Similar trends are also observed across other datasets.
5.3.4 Interest pool analysis. Figure 5 presents the t-SNE visu-
alization results of historical and current interest pools for data
blocks 𝐷2 and 𝐷4. We conduct a visualization of interests averaged
with respect to their lengths (i.e., 𝐿𝐻 and 𝐿𝐶 ). We observe that as
data progresses across blocks, each interest becomes more evenly
distributed, indicating a progressive capture of more distinct knowl-
edge. By capturing this diverse knowledge, CIE can provide tailored
guidance for each user, compensating for forgotten knowledge and
supplementing insufficient information in incoming sequences.

6 Conclusion
We introduce CSTRec, a transformer-based SR model capable of
handling non-stationary data streams, which has been underex-
plored in previous literature. Building on the advantages of linear
attention, we propose CSA with two novel components, CSN and
CIE, enabling CSTRec to both retain historical knowledge and ac-
quire current one over time. We also propose a pseudo-historical
knowledge assignment strategy for new users to facilitate their
adaptation. Our experiments show that CSTRec effectively captures
the trajectory of user interests. We expect that CSTRec broadens the
applicability of SR models to continuously changing environments.
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