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Abstract—Multi-interest sequential recommendation models
employ dynamic routing mechanisms to capture diverse user
interests for personalized recommendation. However, existing
methods often suffer from weight over-concentration during
interest learning, where a small number of highly similar items
dominate each interest representation, while other relevant items
are underweighted. This results in interest representations that
overly rely on a few items and lack robustness. To address this
issue, we propose reconstructing the dynamic routing mecha-
nism for multi-interest sequential recommendation (RCMIRec).
Specifically, we introduce a covariance routing regularization
to encourage a more balanced distribution of routing weights
during training. While this regularization alleviates weight over-
concentration, it does not explicitly ensure accurate item–interest
assignment. Therefore, we further design a backward-flow recon-
struction mechanism to constrain the matching relationship be-
tween items and interests, ensuring that each item is consistently
aligned with its most relevant interest representation. Extensive
experiments on three public benchmark datasets demonstrate
that the proposed method significantly outperforms state-of-the-
art baselines.

Index Terms—sequential recommendation, multi-interest
learning, covariance routing regularization, dynamic routing
mechanism

I. INTRODUCTION

Sequential recommendation, an important branch of recom-
mender systems, aims to model user preferences by leveraging
sequential dependencies and contextual information in user
behavior sequences to predict users’ future preferences [1].
Owing to its effectiveness in mitigating information overload,
sequential recommendation has been widely adopted in e-
commerce platforms and various online services [2]. Fig. 1(a)
illustrates a book recommendation scenario, where users often
display interests in multiple categories simultaneously, such as
science fiction, thriller, and romance. Additionally, individual
items typically have multiple thematic attributes. For example,
Dune can be classified as science fiction, political, and reli-
gious literature. In such complex scenarios, where both user
behaviors and item semantics are multifaceted, most existing
sequential recommendation methods use a single latent vector
to represent user preferences, which is insufficient to capture
the full diversity and complexity of user interests [3].

To address this limitation, multi-interest learning methods
[5], [6] have been introduced into the field of sequential
recommendation. These methods aim to extract multiple latent
interests from user behavior sequences and model each interest

Fig. 1. (a) An example of a book recommendation scenario. (b) Dynamic
routing mechanism in multi-interest sequential recommendation.

representation separately, thereby enabling more accurate per-
sonalized recommendation. Existing multi-interest sequential
recommendation methods can generally be categorized into
two types. The first type [7], [8] leverages external auxiliary
information, such as item categories, to guide the multi-interest
learning process. However, such methods heavily rely on high-
quality and task-relevant auxiliary information, which is not
always available in real-world applications. The second type
[9]–[11] does not rely on external knowledge and typically
adopts capsule-network-based dynamic routing mechanisms
(as shown in Fig. 1(b)) to capture high-order dependencies in
user interaction sequences for modeling multiple latent user
interests.

Although existing multi-interest sequential recommendation
models have achieved notable performance improvements, we
observe that they still suffer from inherent limitations when
modeling multiple interests via dynamic routing. Specifically,
during the iterative routing process, routing weights tend to
become overly concentrated on a small number of items that
are highly similar to a given interest, causing these items to
dominate the interest extraction process (as shown in Fig. 2).
Consequently, when learning a particular interest representa-
tion, the model assigns disproportionately large weights to a
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Fig. 2. Visualization of an example of item-interest routing weights of
PoMRec and RCMIRec.

few highly similar items while paying insufficient attention to
other relevant items with lower similarity, or even ignoring
them entirely. This biased weight allocation undermines the
stability, robustness, and generalization of interest representa-
tions, making them resemble memorization of individual items
rather than abstract representations of user interest patterns.

To address these issues, we propose Reconstructing Dy-
namic Routing for Multi-Interest Sequential Recommendation
(RCMIRec), which reconstructs the dynamic routing mecha-
nism to more robustly and accurately capture users’ diverse
interests. First, we construct a covariance matrix over routing
weights across different interests and introduce a covariance
routing regularization term to constrain the routing distribu-
tions of each interest. This regularization encourages a more
balanced allocation of routing weights, suppressing excessive
concentration on a small number of items and enabling each
interest representation to integrate information from multiple
relevant items, thereby improving the stability and generaliza-
tion of learned interests. However, although the regularization
strategy alleviates routing-weight over-concentration, it does
not explicitly guarantee that each item is assigned to its
most relevant interest representation. To further strengthen
item–interest alignment, we design a backward-flow recon-
struction mechanism that constrains the matching relationship
between items and interests during routing-weight adjustment,
ensuring that each item remains consistently aligned with its
most relevant interest.

Our contributions are summarized as follows:
• We empirically find that existing multi-interest sequential

recommendation models often produce interest represen-
tations dominated by a few highly relevant items.

• We propose RCMIRec, a reconstructed dynamic routing
method that integrates covariance routing regularization
and backward-flow reconstruction to mitigate routing-
weight over-concentration and better model users’ diverse
interests.

• We conduct extensive experiments on three public bench-
mark datasets to validate the effectiveness of RCMIRec.

II. RELATED WORK

A. Sequential Recommendation

Sequential recommendation aims to predict users’ future
preferences based on their interaction sequences, such as

browsing, clicking, and purchasing behaviors. Early studies
model user preferences by treating interaction sequences as
a whole, with representative methods such as collaborative
filtering [12], matrix factorization [13], and Markov mod-
els [14]. However, these methods have limited capacity to
capture complex and dynamic sequential dependencies.

With the advancement of deep learning, various neural
architectures have been introduced into sequential recom-
mendation. RNN-based models, such as GRU4Rec [15], ef-
fectively model temporal dependencies in user behavior se-
quences. Attention-based models, including SASRec [16],
BERT4Rec [17], and S3Rec [18], further improve performance
by capturing long-range dependencies. More recently, graph
neural network-based methods [19]–[22] model user interac-
tions as graph structures to learn more complex relational
patterns. However, as pointed out by DisMIR [9], most of these
methods learn a single user preference representation, which
fails to capture the multiple interests commonly exhibited by
users, thus limiting further performance improvements.

B. Multi-Interest Sequential Recommendation

In recent years, multi-interest learning has shown great po-
tential in enhancing sequential recommendation performance.
MIND [6] is a representative early work that introduces the
dynamic routing mechanism from capsule networks to extract
multiple user interest representations, enabling a more fine-
grained modeling of users’ diverse preferences.

Subsequent studies on multi-interest sequential recommen-
dation can be broadly classified into two main categories.
The first category leverages external auxiliary information to
facilitate interest modeling. For example, UMI [7] incorpo-
rates user-side auxiliary information to generate personalized
interest representations, MINER [8] utilizes item category
information to align learned interests with user preferences,
KEMI [23] integrates knowledge graphs to enhance semantic
consistency, and MDR [24] improves preference modeling by
incorporating multimodal data. While effective, these methods
are heavily dependent on high-quality auxiliary data, which is
often unavailable in real-world scenarios.

The second category focuses on extracting higher-order im-
plicit information directly from user behavior sequences, with-
out relying on external knowledge. SimEmb [25] enriches item
representations by simulating attribute semantics, REMI [3]
improves training through refined negative sampling strategies,
and DisMIR [9] redesigns the training paradigm to disentangle
multiple interests within the embedding space. Although these
methods achieve notable performance gains, existing multi-
interest methods still face limitations in effectively modeling
diverse interests, which calls for further investigation.

III. METHODOLOGY

In this section, we first formulate the multi-interest sequen-
tial recommendation problem. Next, we introduce RCMIRec,
whose overall framework is shown in Fig. 3. Finally, we pro-
vide a detailed description of each component of RCMIRec,



including (1) user multi-interest learning, (2) covariance rout-
ing regularization, (3) backward-flow reconstruction, (4) multi-
task training, and (5) prediction.

A. Problem Formulation

We define U = {u1, u2, . . . , um} and V = {e1, e2, . . . , en}
as the sets of users and items, respectively, where m and n
represent the number of users and items. For each user u ∈
U , a time-ordered interaction sequence is given by s(u) =
(eu1 , e

u
2 , . . . , e

u
t ), where eut denotes the t-th item interacted with

by user u.
The goal of multi-interest sequential recommendation is to

predict the next item a user may interact with by learning mul-
tiple interest representations from the user behavior sequences,
ranking all candidate items accordingly, and recommending
the Top-N items to each user.

B. User Multi-Interest Learning

1) Item Embedding Layer: The item embedding layer maps
each item into a d-dimensional latent space to learn compact
item representations for recommendation. Specifically, all item
embeddings are organized into an embedding matrix as fol-
lows:

EI = [e1, e2, . . . , el] ∈ Rl×d (1)

where er ∈ Rd denotes the embedding of the r-th item, and l
denotes the length of the user behavior sequence.

2) Multi-Interest Extraction Layer: We employ a capsule
network-based dynamic routing mechanism to extract user
interest representations from the user behavior sequences. We
compute the item-interest routing weights bij , which measure
the similarity between the i-th item and the j-th interest
capsule:

bij = e⊤i · S · Vj (2)

where ei denotes the embedding of item i, Vj is the j-th
interest capsule, and S ∈ Rd×d is a learnable transformation
matrix. All routing weights are organized into a matrix B.
A softmax operation is then applied over interests to obtain
routing attention weights wij :

wij =
exp(bij)∑K
j=1 exp(bij)

(3)

where wij represents the probability that item i is assigned to
interest j. Based on wij , item embeddings are aggregated to
form the interest representations cj :

cj =
∑
i

wij · S · ei, j = 1, . . . ,K (4)

Finally, a squashing function is applied to normalize the
interest capsules Vj :

Vj = squash(cj) =
∥cj∥2

1 + ∥cj∥2
· cj
∥cj∥

(5)

The routing coefficients are initialized from a Gaussian
distribution N (0, σ2), and the dynamic routing process is
iteratively performed until convergence.

3) Multi-Interest Aggregation Layer: We compute user-
interest attention weights to aggregate multiple interest repre-
sentations into a unified user representation. Specifically, the
attention weight aj for the j-th interest representation Vj is
obtained by measuring its similarity to the average embedding
ē of the user behavior sequences. The final user representation
v is computed as:

v =

K∑
j=1

aj · Vj , aj =
exp(V ⊤

j · ē)∑K
j=1 exp(V

⊤
j · ē)

(6)

C. Covariance Routing Regularization

Empirical observations show that after several training
epochs, the learned interest representations tend to excessively
focus on individual items in the user behavior sequences, as
illustrated in Fig. 2. This over-concentration causes the interest
representations to rely on only a small subset of historical
items, thereby weakening the expressive power of multi-
interest modeling. Further analysis indicates that this issue
mainly arises from the sparsity of the item-to-interest routing
weight matrix. To address this issue, we introduce a covariance
routing regularization term on the routing weights to suppress
sparsity and encourage more balanced distributions. Variance
and covariance reflect the distribution differences of items
across interests, where excessively large variances indicate that
certain items dominate the interest modeling process. Accord-
ingly, we impose regularization constraints on the variance and
covariance of routing weights to penalize over-concentration,
guiding the model to allocate routing weights more evenly
across different interests. Specifically, the regularization term
is computed as follows:

C = (B − B̄)⊤ · (B − B̄) (7)

Lreg = ∥diag(C)∥2F (8)

where B̄ is the mean of B along the first axis, C ∈ RK×K rep-
resents the covariance matrices of routing weights for different
interests, diag(C) represents the extraction and construction of
a diagonal matrix, and ∥ · ∥F denotes the Frobenius norm of
matrices.

D. Backward-Flow Reconstruction

Although the regularization strategy encourages more bal-
anced routing weight distributions, it does not explicitly guar-
antee accurate item-interest alignment, which may lead to
item-interest mismatch. To address this issue, we introduce
a backward-flow reconstruction mechanism to constrain the
matching relationship between items and interests, ensuring
that each item remains aligned with its most relevant interest
during routing weight adjustment after regularization. This
mechanism effectively mitigates the mismatch introduced by
regularization, enabling the learned interest representations to
better reflect the associated item content and capture more
accurate semantic information. The computation is formulated
as follows:

Zj = W1 · Vj (9)



Fig. 3. The architecture of Reconstructing Dynamic Routing for Multi-Interest Sequential Recommendation (RCMIRec).

βj,i,k =
exp(w⊤

k · tanh(W2 · zj,i))∑
m exp(w⊤

k · tanh(W2 · zj,m))
(10)

êj,k =
∑
i

βj,i,k ·W3 · zj,i (11)

where the Upsample function is a linear projection W1 ∈
RN×d followed by a reshape operation to transform the lin-
early projected vector to a matrix Zj ∈ RN×d. d is the hidden
size in Re-construct backward flow. zj,i is the i-th unit in Zj ,
W2 ∈ Rd×d, and wk ∈ Rd are learnable transformations, and
each input item ek has a corresponding wk. We propose to
reconstruct representative items corresponding to each inter-
est. Specifically, the positive item set Pj is adopted as the
representative items for the j-th interest. Accordingly, the loss
function of the backward-flow reconstruction is formulated as
follows:

LRct =
∑
j

∑
k

(ek ∈ Pj) ∥êj,k − ek∥2F (12)

E. Multi-task Training

We adopt a multi-task training strategy to jointly optimize
multiple objectives, allowing different tasks to collaboratively
improve model performance. The main recommendation task
is optimized using the Bayesian Personalized Ranking(BPR)
loss, which learns user preferences by maximizing the score

difference between positive and negative items. The BPR loss
is defined as:

LBPR = −
∑

(u,i,j)∈D

log σ

v⊤u · etarget −
m∑

nj=1

v⊤u · enj


(13)

where etarget denotes the target (positive) item, enj
represents

the sampled negative items, and m is the number of negative
samples.

In addition, the covariance routing regularization and the
backward-flow reconstruction mechanism introduce two auxil-
iary objectives, namely the covariance regularization loss LCR

and the reconstruction loss LRct. The overall training objective
is formulated as:

L = LBPR + λ1 · LCR + λ2 · LRct (14)

where λ1 and λ2 are balancing coefficients that control the
relative contributions of different loss terms.

F. Prediction

We compute the similarity scores between the user and the
items in the candidate pool are computed. By calculating the
final score of each item f(u, i), the Top-N items with the
highest scores are recommended to the user. The computation
formula is as follows:

f(u, i) = (vu · ei) (15)



Where vu ∈ Rd denotes the user preference representation of
user u, and ei represents the embedding vector of item i in
the candidate pool.

IV. EXPERIMENTS
To evaluate the effectiveness of the proposed RCMIRec

method, we conduct a series of experiments on three large-
scale public datasets to investigate the following research
questions:

• RQ1: Does the proposed RCMIRec method outperform
existing state-of-the-art multi-interest sequential recom-
mendation models?

• RQ2: How do the individual modules in RCMIRec affect
its overall performance?

• RQ3: Does the proposed RCMIRec method effectively
mitigate the issue of interest representations overly rely-
ing on a small number of highly relevant items?

• RQ4: How do different hyperparameters influence the
performance of the RCMIRec method?

A. Experimental Setting

1) Datasets: We evaluate the proposed RCMIRec on three
large-scale public datasets: Books, Gowalla, and RetailRocket.
The Books dataset is a subset of the Amazon dataset and
contains user interactions related to books, including reviews,
ratings, and metadata. The Gowalla dataset is collected from a
location-based social networking platform and consists of user
check-in records with timestamps. RetailRocket is a widely
used e-commerce dataset that includes various user behaviors,
such as browsing, clicking, and purchasing.

For data preprocessing, we follow the standard settings
adopted in prior work [26], [27]. Users and items with fewer
than five interactions are removed, and all interactions are
treated as implicit feedback. The statistics of the processed
datasets are summarized in Table I.

TABLE I
STATISTICS OF DATASETS

Datasets #Users #Items #Interactions

Gowalla 165,506 174,605 2,061,264
Retail Rocket 33,708 81,635 356,840

Amazon Books 603,668 367,982 8,898,041

2) Baselines: We compare the proposed RCMIRec with
representative baseline methods, including one single-interest
and seven multi-interest sequential recommendation models.
The detailed descriptions of the baseline models are as follows.

• Y-DNN [28] is a classical industrial-level sequential
recommendation model that adopts a dual-tower deep
neural network architecture. It aggregates users’ historical
interactions through pooling operations and employs a
multilayer perceptron to generate user preference repre-
sentations for recommendation.

• MIND [6] is one of the earliest representative methods
that introduces multi-interest modeling into sequential

recommendation. It utilizes a dynamic routing mechanism
to extract multiple interest representations from users’
historical interaction sequences and leverages capsule
networks to adaptively aggregate different interests.

• ComiRec [5] proposes a multi-interest sequential rec-
ommendation framework that incorporates a multi-head
attention mechanism to learn diverse user interests. In our
experiments, we adopt the ComiRec-SA variant, which
achieves comparable performance to ComiRec-DR while
offering more stable training and higher efficiency.

• Re4 [29] presents a high-performance multi-interest rec-
ommendation framework with a three-stage optimization
pipeline, which effectively enhances the diversity of user
interest representations.

• UMI [7] is a multi-interest learning framework that
incorporates user-side auxiliary information (e.g., demo-
graphic attributes such as gender and age). It employs
an attention-gated mechanism to generate personalized
multi-interest representations, thereby improving the ac-
curacy of candidate matching.

• PIMIRec [30] explicitly models users’ historical interac-
tion sequences by jointly considering the periodicity and
implicit characteristics of user–item interactions, leading
to improved sequential recommendation performance.

• REMI [3] adopts an IHN-based negative sampling strat-
egy together with routing regularization to alleviate the
routing collapse problem, thereby enhancing the perfor-
mance of sequential recommendation.

• DisMIR [9] is an advanced multi-interest sequential rec-
ommendation framework that redesigns the multi-interest
training paradigm to effectively learn and disentangle
multiple user interests, resulting in improved recommen-
dation performance.

• PoMRec [27] introduces a prompt-based multi-interest
learning framework that adapts user interaction sequences
to different learning objectives, thereby enhancing se-
quential recommendation performance.

3) Implementation Details: All models are implemented in
Python 3.12.4 using PyTorch 2.5.1. For a fair comparison, all
methods adopt an embedding dimensionality of 64 and a learn-
ing rate of 1× 10−3, and are optimized using the Adam opti-
mizer. The baseline models follow the optimal hyperparameter
settings reported in their original papers. For RCMIRec, a hard
negative sampling strategy is applied, where 10 hard negatives
are sampled on the Gowalla and RetailRocket datasets, and
50 on the Books dataset. The balancing coefficients λ1 and
λ2 are set to [0.1, 0.1, 1.0] and [0.01, 0.001, 0.01] on the
RetailRocket, Gowalla, and Books datasets, respectively. The
number of user interests K is set to [8, 6, 6] for these datasets.

B. Performance Comparison(RQ1)

Table II compares the recommendation performance of
RCMIRec with one single-interest model and seven multi-
interest sequential recommendation models on three public
datasets, with the best and second-best results highlighted in



TABLE II
MODEL COMPARISON. BOLD: BEST PERFORMANCE. UNDERLINED: SUBOPTIMAL PERFORMANCE. ’IMPROV’ INDICATES THE RELATIVE IMPROVEMENTS

OF RCMIREC OVER THE STRONGEST BASELINE

DATASET Metric Y-DNN MIND ComiRec Re4 UMI PIMIRec REMI DisMIR PoMRec RCMIRec Improv.

Retail Rocket

R@20 0.1050 0.1171 0.1304 0.1397 0.1519 0.1828 0.2129 0.2385 0.2355 0.2553 7.03%
ND@20 0.0641 0.0698 0.0689 0.0785 0.0875 0.1025 0.1198 0.1330 0.1357 0.1417 4.42%
HR@20 0.1711 0.1883 0.1904 0.2103 0.2364 0.2764 0.3183 0.3524 0.3559 0.3705 4.11%
R@50 0.1608 0.1899 0.1922 0.2194 0.2423 0.2811 0.3160 0.3447 0.3434 0.3674 6.57%

ND@50 0.0701 0.0795 0.0786 0.0884 0.0974 0.1093 0.1281 0.1360 0.1355 0.1408 3.53%
HR@50 0.2518 0.2927 0.2895 0.3174 0.3574 0.3969 0.4515 0.4815 0.4784 0.4939 2.58%

Gowalla

R@20 0.0864 0.0901 0.0805 0.0843 0.0961 0.1193 0.1300 0.1312 0.1352 0.1484 9.74%
ND@20 0.1384 0.1331 0.1210 0.1287 0.1391 0.1603 0.1715 0.1855 0.1856 0.2029 9.34%
HR@20 0.3211 0.3129 0.2901 0.3104 0.3314 0.3843 0.4021 0.4187 0.4287 0.4626 7.91%
R@50 0.1388 0.1456 0.1320 0.1396 0.1642 0.1951 0.2109 0.2107 0.2157 0.2329 7.96%

ND@50 0.1434 0.1424 0.1310 0.1410 0.1505 0.1660 0.1792 0.1812 0.1819 0.2006 10.29%
HR@50 0.4390 0.4442 0.4086 0.4224 0.4719 0.5207 0.5498 0.5527 0.5539 0.5997 8.27%

Amazon Books

R@20 0.0467 0.0420 0.0557 0.0597 0.0690 0.0682 0.0826 0.0848 0.0869 0.0915 5.31%
ND@20 0.0391 0.0357 0.0446 0.0476 0.0527 0.0526 0.0623 0.0648 0.0665 0.0693 4.16%
HR@20 0.1043 0.0986 0.1142 0.1240 0.1423 0.1411 0.1650 0.1740 0.1767 0.1827 3.40%
R@50 0.0722 0.0687 0.0863 0.0690 0.1053 0.1056 0.1189 0.1348 0.1355 0.1400 3.34%

ND@50 0.0457 0.0433 0.0511 0.0576 0.0587 0.0583 0.0657 0.0742 0.0747 0.0768 2.80%
HR@50 0.1607 0.1533 0.1796 0.1975 0.2059 0.2062 0.2298 0.2604 0.2613 0.2672 2.27%

bold and underlined, respectively. Overall, multi-interest mod-
els outperform the single-interest baseline Y-DNN, demon-
strating the effectiveness of modeling users’ diverse interests.
However, some early multi-interest methods, such as MIND
and ComiRec, perform worse than Y-DNN on certain datasets,
which can be attributed to their limited interest routing capa-
bilities and relatively immature training strategies, resulting
in insufficiently discriminative interest representations. More
recent multi-interest models achieve notable performance im-
provements by introducing more sophisticated modeling and
optimization techniques. For example, Re4 enhances interest
diversity through a multi-stage optimization framework, UMI
incorporates auxiliary user information for personalized in-
terest modeling, and PIMIRec captures both long-term and
short-term preferences by modeling periodic and implicit user
behaviors. DisMIR and PoMRec further improve performance
by redesigning the training paradigm through disentangled
learning and prompt-based modeling, respectively. Neverthe-
less, our experimental results indicate that these methods still
suffer from the issue that each interest representation is often
dominated by a small number of highly relevant items. In
contrast, RCMIRec consistently achieves the best performance
across all datasets, with average improvements of 4.71%,
8.92%, and 3.55% on RetailRocket, Gowalla, and Books,
respectively. These results demonstrate the effectiveness of
RCMIRec in alleviating interest dominance and highlight its
superiority in multi-interest sequential recommendation.

C. Ablation Study (RQ2)

To verify the effectiveness of each component in RCMIRec,
we conduct ablation studies by removing the covariance
routing regularization (CR) module or the backward-flow
reconstruction (BR) module, resulting in two variants: w.o.CR
and w.o.BR. Table III presents a performance comparison of

TABLE III
PERFORMANCE OF VARIANT RCMIREC FOR ABLATION STUDIES

Dataset Method R@20 ND@20 HR@20 R@50 ND@50 HR@50

Retail Rocket
RCMIRec 0.2553 0.1417 0.3705 0.3674 0.1408 0.4939

w.o.CR 0.2424 0.1316 0.3575 0.3442 0.1299 0.4702
w.o.BR 0.2527 0.1350 0.3667 0.3626 0.1368 0.4889

Gowalla
RCMIRec 0.1484 0.2029 0.4626 0.2329 0.2006 0.5997

w.o.CR 0.1298 0.1790 0.4195 0.2085 0.1817 0.5529
w.o.BR 0.1329 0.1841 0.4286 0.2158 0.1851 0.5636

Amazon Books
RCMIRec 0.0915 0.0693 0.1827 0.1400 0.0768 0.2672

w.o.CR 0.0845 0.0638 0.1715 0.1317 0.0724 0.2559
w.o.BR 0.0902 0.0681 0.1806 0.1393 0.0765 0.2664
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Fig. 4. Visualization of examples of item-interest routing weights for PoMRec
and RCMIRec.

RCMIRec and its variants on the RetailRocket, Gowalla, and
Books datasets. The results show that RCMIRec consistently
outperforms both variants across all evaluation metrics, in-
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Fig. 5. Performance of RCMIRec varying with the number of interests K, and the balancing coefficients λ1 and λ2.

cluding Recall, NDCG, and Hit Rate, indicating that both the
CR and BR modules significantly contribute to the overall
performance. Specifically, the CR module promotes more
balanced routing weight distributions by imposing covariance-
based constraints on inter-interest routing weights, thereby al-
leviating excessive concentration of weight on a small number
of items. Meanwhile, the BR module preserves the alignment
between items and their most relevant interests during routing
weight adjustment, effectively mitigating the potential item-
interest mismatch introduced by regularization. Together, these
components enable RCMIRec to learn more discriminative
and semantically coherent interest representations, leading to
superior recommendation performance.

D. Visualization Case Study(RQ3)
To provide an intuitive comparison of interest modeling

behaviors, we visualize the item-interest routing weight ma-
trices of PoMRec and RCMIRec on the Gowalla and Amazon
Books datasets, as shown in Fig. 4. Each row represents an
interest representation, each column corresponds to an item,
and color intensity indicates the magnitude of the routing
weight. As shown in the left column of Fig. 4, PoMRec learns
highly sparse routing weight matrices with severe weight
concentration, where each interest is dominated by only a
few items, and in some cases, by a single item, especially
on the Amazon Books dataset. In contrast, the right column
shows that RCMIRec produces much smoother and more
balanced routing weight distributions on both datasets, allo-
cating weights across multiple relevant items for each interest.
This indicates that RCMIRec effectively alleviates excessive

weight concentration during dynamic routing, enabling interest
representations to aggregate information from multiple related
items and capture user interests more comprehensively.

E. Hyper-parameter Study(RQ4)

We conduct a sensitivity analysis on the key hyperpa-
rameters of RCMIRec to examine their impact on model
performance, focusing on the number of user interests K and
the balancing coefficients λ1 and λ2. In each experiment, only
one hyperparameter is varied while all others are kept fixed.

For the number of user interests K, we fix λ1 and λ2 to
their optimal values and vary K within the range [1, 10]. As
shown in Fig. 5, models with K > 1 consistently outperform
the single-interest setting across all datasets, confirming the
effectiveness of multi-interest learning. The optimal value
of K varies across datasets, with K = 8, 6, and 6 for
RetailRocket, Gowalla, and Books, respectively.

To balance the different loss terms, we further analyze the
impact of the balancing coefficients λ1 and λ2 by fixing K
to its optimal value and independently varying λ1, λ2 ∈ [0, 1].
As shown in Fig. 5, the optimal values of λ1 are 0.1, 0.1, and
1.0 for RetailRocket, Gowalla, and Books, respectively, while
the corresponding optimal values of λ2 are 0.01, 0.001, and
0.01.

V. CONCLUSION

Through extensive experiments, we demonstrate that ex-
isting multi-interest sequential recommendation models of-
ten suffer from excessive focus on a limited number of
items within each interest. To address this issue, we propose



RCMIRec, which reconstructs the dynamic routing mechanism
to more effectively capture users’ diverse interests. Exper-
imental results show that RCMIRec substantially alleviates
interest dominance and consistently outperforms state-of-the-
art multi-interest sequential recommendation methods. In this
work, we focus on a single type of user behavior and do not
consider heterogeneous behaviors such as clicks or favorites.
In future work, we plan to explore multi-interest modeling
across heterogeneous interaction sequences to achieve more
comprehensive user preference modeling and further improve
recommendation performance.
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