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Abstract—Sequential Recommendation Systems (SRS) aim to
predict users’ dynamic preferences from their historical in-
teraction sequences. Although recent state space models such
as Mamba exhibit strong potential with linear computational
complexity, their inherently unidirectional architecture limits
contextual comprehension and short-term interest modeling,
especially in sparse data regimes. To address these challenges,
we propose a Dynamic Temporal Weighted Multi-Path State
Space Fusion (DTMFRec) Framework, a multi-path adaptive
fusion framework. DTMFRec employs a multi-path architecture
to simultaneously capture dependencies from both the raw and
temporally enhanced sequences, thereby constructing more com-
prehensive contextual representations. Furthermore, an Adaptive
Fusion Gating Layer is introduced to dynamically weight multiple
information paths for optimal fusion. Experimental results on
multiple real-world datasets demonstrate that DTMFRec signifi-
cantly outperforms existing baselines and demonstrates superior
performance in long-tail scenarios. The implementation code is
available at https://github.com/Jisheng-Tian/DTMFRec.

Index Terms—Sequential Recommendation, Mamba, Tempo-
ralWeight, Transformer, State Space Models

I. INTRODUCTION

Sequential recommendation has long attracted research in-
terest due to its wide applicability in domains such as e-
commerce and social media. The key objective is to model
users’ evolving preferences based on their historical interac-
tions to predict the next item of interest. Early approaches
based on Convolutional Neural Networks (CNNs) [1] and
Recurrent Neural Networks (RNNs) [2] pioneered the use
of deep learning in this field, but suffered from catastrophic
forgetting, which hindered their ability to capture long-term
dependencies. Later, Transformer-based architectures [3], [4]
achieved remarkable performance through self-attention mech-
anisms. However, their quadratic computational complexity
limits scalability to long sequences, posing issues for real-time
recommendation [5], [6].

In recent years, advances in State Space Models (SSMs)
have offered an appealing alternative for long-sequence mod-
eling. Representative methods such as Mamba [7] introduce
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Fig. 1: The illustration for long-tail user problem.

input-dependent selectivity and achieve linear computational
complexity, showing strong potential for efficient long-context
modeling. Nevertheless, directly applying Mamba to sequen-
tial recommendation remains challenging. As illustrated in
Figure 1, the upper bar chart reports the interaction-count
distribution across different user groups, while the lower plot
measures the corresponding recommendation performance via
∆Hit@10. For the first three groups with relatively sparse
interactions, Mamba4Rec performs substantially worse than
SASRec. This observation suggests that, for long-tail users, a
vanilla Mamba-style sequence encoder may fail to adequately
capture recent preferences that often dominate user decisions,
leading to performance degradation and further aggravating
recommendation quality for under-represented users.

To address the aforementioned challenges and more fully



exploit the strengths of Mamba, we propose DTMFRec, a
multi-path adaptive fusion framework that integrates com-
plementary sequential signals through three parallel path-
ways. This framework effectively captures diverse types of
sequential features through three parallel paths. Specifically,
the Mamba path is designed to model global context; the
Temporal Weighting path emphasizes recent user preferences;
and the Residual Gating path incorporates long-term memory
capabilities to ensure stability in long-sequence modeling [8].
A Length-Aware Adaptive Fusion Module further integrates
these representations based on sequence characteristics. Resid-
ual connections, layer normalization, and position-wise feed-
forward networks are also applied to enhance nonlinearity and
training stability.

Extensive experiments conducted on five public datasets
demonstrate that DTMFRec consistently outperforms existing
baselines while maintaining high computational efficiency. The
main contributions of this work are summarized as follows:

(i) We propose DTMFRec, which incorporates three parallel
paths: a dynamic temporal weighting path that enhances the
modeling of recent user preferences; the other paths preserve
long-term interest capture through stable long-sequence mem-
ory mechanisms.

(ii) We design a length-aware adaptive fusion gating layer
that dynamically fuses multi-path information based on se-
quence length and contextual features, achieving an optimal
balance between global and local sequence representations;

(iii)We evaluate DTMFRec on five public benchmark
datasets, and the results consistently demonstrate its superior
effectiveness over existing baseline models.

II. METHOD

The overall architecture of DTMFRec is illustrated in Figure
2. The model is composed of three key components: Standard
Mamba, Temporal Mamba, and Residual Gate. The core idea
is to dynamically enhance the modeling of recent interactions
in order to better capture users’ recent preferences, while
simultaneously integrating long-term interests. In the following
sections, we provide a detailed analysis of each component.

A. Problem Definition and Embedding Layer

The objective of sequential recommendation is to predict
the next item a user may interact with, given their historical
interaction sequence [9]. Let U = {u1, u2, . . . , u|U|} denote
the set of users and V = {v1, v2, . . . , v|V|} denote the set
of items. Each user u ∈ U is associated with an interaction
sequence ordered by time: Su = [s1, s2, . . . , sLu

], where Lu

represents the length of the sequence for user [10].
To facilitate effective modeling in sequential recommender

systems, it is common to map discrete item IDs into con-
tinuous high-dimensional representations [11]. For notational
simplicity, we omit the user index (u) in the remainder of this
paper. Given an interaction sequence as the input tensor, we
employ a learnable item embedding matrix E ∈ R|V|×d to
project each item si into its embedding vector ei ∈ Rd.

Accordingly, the embedded representation of an interaction
sequence batch is defined as

E0 = [e1, e2, . . . ,eL] ∈ RB×L×d (1)

where B denote the batch size,L denotes the length of the
interaction sequence and d is the dimensionality of the item
embeddings.

B. Multi-Path Dynamic Temporal Weighting (MDTW) Module

1) Standard Mamba Path: To capture the global dependen-
cies within user interaction sequences, we adopt the Mamba
state space model as the primary sequential encoder. Given the
embedded input sequence E0 = [e1, e2, . . . ,eL], the Standard
Mamba Path processes the sequence without introducing any
temporal bias, and leverages the linear-complexity state space
mechanism to effectively model long-range item interactions.
Formally, the Mamba encoder can be expressed as a function
fmamba(·) parameterized by convolutional and recurrent oper-
ators, and its output is defined as:

Hstd = fmamba(E0) ∈ RB×L×d (2)

This path is mainly designed to capture standard sequential
features. Unlike attention-based models with quadratic com-
plexity, the Mamba layer provides efficient sequence modeling
with linear complexity while preserving strong expressiveness
[7], [12].

2) Temporal Mamba Path: To mitigate the limitation of
Mamba’s unidirectional architecture in capturing short-term
user interests [7], we introduce a Temporal Mamba module.
The key idea is to impose a monotonically increasing, position-
dependent temporal weighting over the input sequence so that
more recent interactions contribute more prominently to rep-
resentation learning [4], [13].Given the embedded interaction
sequence E0 ∈ RB×L×d,we define an exponential temporal
weight for each position t ∈ {1, . . . , L} as

wt = exp

(
α · t− 1

L− 1

)
, t = 1, 2, . . . , L (3)

where α > 0 controls the growth rate, the method is
insensitive to α, so we fix α = 3 in all experiments. The
temporally reweighted sequence is computed by element-wise
scaling along the temporal dimension:

Eweighted = E0 ⊙ wt (4)

where ⊙ denotes element-wise multiplication with broad-
casting across the feature dimension. Intuitively, since wt

increases with t, the module amplifies recent behaviors while
retaining the original chronological order. The weighted se-
quence is then fed into the Mamba encoder to obtain tempo-
rally enhanced hidden representations:

Htemporal = fmamba(Eweighted) (5)

Compared with heuristic strategies such as sequence re-
versal [14], Temporal Mamba preserves the forward temporal
structure of user interactions, avoiding disruption of chrono-
logical dependencies. This design provides an order-consistent
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Fig. 2: Architecture of the proposed DTMFRec.

way to emphasize recency, thereby improving the model’s
ability to capture evolving user intent .

3) Residual Gating Path: The Residual Gating Path is
designed to jointly model long-term dependencies and rapidly
evolving short-term preferences in user behavior sequences.
This path consists of an RMSNorm layer, an RG-LRU–based
gated module, and a dual-residual structure, and operates
in parallel with the backbone Mamba network to enhance
sequence representation capacity.

Specifically, inspired by the Griffin architecture [8], we
incorporate an RG-LRU module that adaptively regulates
information flow across time steps via a gating mechanism.
The input sequence E0 is processed by the RG-LRU module
together with the dual-residual structure, enabling dynamic fu-
sion of newly updated knowledge and original representations.
Formally, for each time step t, the hidden state ht is updated
as follows [8]:

rt = σ(Waxt + ba), (6)
it = σ(Wxxt + bx), (7)
at = a crt , (8)

ht = at ⊙ ht−1 +
√
1− a2

t ⊙ (it ⊙ xt) , (9)

where σ(·) denotes the sigmoid function and ⊙ represents
element-wise multiplication. The parameter a ∈ (0, 1) is
a learnable recurrent weight, which is constrained via the

parameterization a = σ(Λ) to ensure training stability and
well-behaved temporal dynamics.

Through this design, the Residual Gating Path preserves sta-
ble long-term memory while remaining responsive to recent in-
puts, thereby achieving an effective balance between long-term
preference modeling and short-term adaptability. Notably, this
path attains strong representation capacity without introducing
self-attention mechanisms and their associated computational
overhead, resulting in a favorable trade-off between inference
efficiency and recommendation performance.

C. Length-Aware Adaptive Fusion Module

In our framework, we establish three distinct pathways to ef-
fectively capture user interaction characteristics: the Standard
Mamba focuses on global contextual dependencies [7], the
Temporal Mamba emphasizes recent behaviors through tem-
poral weighting, and the Residual Gating Path [15] preserves
sequential dependencies while modeling both long-term and
recent preferences. However, relying solely on concatenation
or static weighting fails to achieve a balanced integration
across these representations, often leading to redundancy or
bias that limits recommendation accuracy. To address this
issue, we propose the Length-Aware Adaptive Fusion Mod-
ule (AFM), which introduces a length-aware embedding and
a gating network to dynamically allocate fusion weights.
Specifically, AFM first takes three input representations: the
Standard Mamba representation Hstd , the Temporal Mamba



representation Htemporal , and the Residual Gating represen-
tation Htrg. we incorporate a length embedding Eℓ, wherein
the original sequence length ℓ is normalized and subsequently
projected into the corresponding embedding space Eℓ:

Eℓ = ReLU
(
Wℓ

(
ℓ

Lnorm

)
+ bℓ

)
∈ RB×d (10)

where B is the batch size, d is the hidden dimension,
and Lnorm is set to the maximum sequence length used in
training, to keep the normalized length in a stable range. Eℓ

is concatenated with the three representations to form the input
Z for the gating network:

Z = [Hstd;Htemporal;Htrg;Eℓ] ∈ RB×L×4d (11)

The gating network, implemented as a lightweight feed-
forward structure, computes normalized weights α:

α = Softmax (W2 · GELU(W1Z + b1) + b2) ∈ RB×L×3

(12)
Finally, AFM performs weighted fusion as:

Hfused = α1 ⊙Hstd + α2 ⊙Htemporal + α3 ⊙Htrg (13)

where ⊙ denotes element-wise multiplication. In essence,
the strength of AFM lies in its adaptivity: by leveraging length-
aware embeddings and gating mechanisms, it effectively over-
comes the limitations of static fusion and produces more
robust user embeddings, thereby improving recommendation
performance across diverse scenarios.

D. Training

The DTMFRec model is trained to minimize the Cross-
Entropy (CE) loss [16] for next-item prediction. Given an input
sequence of item embeddings E0 = e1, e2, . . . , eL, where each
item embedding ei ∈ Rd,the multi-path encoder jointly with
the adaptive fusion module produces a fused hidden represen-
tation sequence, denoted as Hfused.We define the sequence-
level representation h as the hidden state corresponding to
the last valid position in the sequence.This representation
aggregates global contextual information, temporally weighted
signals, and residual-gated long-term memory through the
proposed multi-path fusion architecture, thereby capturing the
user’s most recent preference state.

To obtain prediction scores (logits) over the item vocabulary,
the model computes a scaled dot product between the sequence
representation h and the item embedding matrix E ∈ RK×d

[17], where K = |V | denotes the total number of items in the
vocabulary V :

logits =
h ·E⊤

τ
. (14)

Here, τ > 0 is a temperature parameter that modulates the
sharpness of the output distribution. Although it does not alter
the relative ranking of items, temperature scaling facilitates
numerical stability and improves optimization by smoothing
the softmax probabilities.

The Cross-Entropy loss [16] is then defined as:

LCE = − 1

B

B∑
i=1

log

(
exp(logitsi,yi

)∑K
j=1 exp(logitsi,j)

)
(15)

where B denotes the batch size, K is the number of items in
the vocabulary, and yi represents the index of the ground-truth
next item for the i-th training instance. Minimizing this ob-
jective encourages the model to assign higher probabilities to
relevant future items, thereby improving next-item prediction
performance.

TABLE I: The statistics of datasets

Dataset # Users # Items Sparsity Avg. Length

Yelp 82,900 64,210 99.98% 9.68
Sports 75,185 48,567 99.98% 8.07
Beauty 22,364 12,102 99.93% 8.88
ML-1M 6,041 3,417 95.53% 165.60
Games 55,145 17,287 99.94% 9.01

III. EXPERIMENTS

A. Datasets and Metrics

In this paper, we conduct extensive experiments on five
representative real-world datasets, including Yelp, the Ama-
zon product review datasets (Beauty, Sports and Games),
and MovieLens-1M. All datasets are preprocessed using the
RecBole framework, and the detailed statistics after prepro-
cessing are summarized in Table I.

For performance evaluation, we adopt three widely used
metrics in recommender systems: Hit Rate at Top-10
(HR@10), Normalized Discounted Cumulative Gain at Top-
10 (NDCG@10), and Mean Reciprocal Rank at Top-10
(MRR@10) [6]. These metrics are standard in sequential
recommendation and collectively provide a comprehensive
assessment of ranking accuracy, position sensitivity, and rec-
ommendation quality.

B. Implementation Details

All experiments are conducted using PyTorch 2.4.0,
RecBole 1.2.1 [18], Mamba-SSM 2.2.3, and Causal-Conv1D
1.5.0.post4. We employ the Adam optimizer for model train-
ing. All experiments are performed on a single NVIDIA
RTX 4090 GPU. To ensure a fair comparison, the embedding
dimension of all evaluated models is uniformly set to 64.

C. Baselines

We compare DTMFRec with representative sequential rec-
ommenders from three families. (i) RNN-based: GRU4Rec.
(ii) Transformer-based: BERT4Rec [17] and SASRec [4] as
canonical attention-based sequential models, together with
recent variants LinRec [19] and FEARec [20]. (iii) SSM-
based: Mamba4Rec [12], ECHOMamba4Rec [14] and SIGMA
[6]. All baselines are evaluated under the same data split and
metrics, and we align the embedding dimension to d = 64 for
fair comparison.



TABLE II: Performance comparison of different models across five datasets using HR@10, NDCG@10, and MRR@10 metrics.
Best results are highlighted in bold.

Datasets Eval Metrics GRU4Rec BERT4Rec SASRec LinRec FEARec Mamba ECHO SIGMA DTMFRec

Yelp
HR@10 0.0441 0.0489 0.0551 0.0579 0.0554 0.0552 0.0578 0.0629 0.0680

NDCG@10 0.0296 0.0317 0.0354 0.0382 0.0391 0.0344 0.0389 0.0412 0.0427
MRR@10 0.0218 0.0243 0.0297 0.0322 0.0321 0.0290 0.0302 0.0346 0.0350

Sports
HR@10 0.0523 0.0579 0.0721 0.0709 0.0746 0.0676 0.0689 0.0735 0.0743

NDCG@10 0.0486 0.0501 0.0546 0.0541 0.0575 0.0563 0.0569 0.0590 0.0608
MRR@10 0.0453 0.0477 0.0513 0.0501 0.0521 0.0527 0.0534 0.0556 0.0566

Beauty
HR@10 0.0612 0.0764 0.0852 0.0837 0.0967 0.0880 0.0903 0.0986 0.1022

NDCG@10 0.0334 0.0395 0.0532 0.0519 0.0530 0.0540 0.0567 0.0604 0.0625
MRR@10 0.0242 0.0285 0.0392 0.0371 0.0410 0.0436 0.0447 0.0488 0.0504

ML-1M
HR@10 0.2944 0.2977 0.2998 0.3102 0.3283 0.3253 0.3239 0.3308 0.3374

NDCG@10 0.1652 0.1687 0.1692 0.1764 0.1843 0.1868 0.1848 0.1906 0.1947
MRR@10 0.1252 0.1294 0.1279 0.1357 0.1459 0.1413 0.1429 0.1479 0.1512

Games
HR@10 0.1484 0.1502 0.1592 0.1604 0.1616 0.1564 0.1578 0.1627 0.1698

NDCG@10 0.0964 0.0978 0.1002 0.1021 0.1032 0.1050 0.1044 0.1088 0.1130
MRR@10 0.0735 0.0728 0.0794 0.0824 0.0843 0.0894 0.0887 0.0924 0.0957

IV. RESULTS

A. Main Results

Table II summarizes the performance of all compared
methods on the recommendation task. As shown in the table,
our proposed DTMFRec framework consistently outperforms
most baseline methods across various evaluation metrics,
clearly demonstrating the effectiveness of deeply integrating
the Mamba architecture [7] into sequential recommendation.

SSM-based models often struggle to capture short-term user
interests.Attempts to enhance short-term modeling by revers-
ing the input sequence may disrupt the temporal order, thereby
limiting their practical applicability.In contrast, our proposed
Multi-Path Dynamic Temporal Weighting module introduces a
temporal weighting path that dynamically assigns varying im-
portance to different timesteps within the sequence, enabling
more accurate modeling of recent preferences.Furthermore, we
design a length-aware adaptive fusion module that dynamically
integrates information from multiple paths,allowing the model
to more precisely identify user preferences and deliver superior
recommendation performance.

B. Efficiency Comparison

In this subsection, we evaluate the inference efficiency of
DTMFRec in comparison with representative Transformer-
based and SSM-based sequential recommendation models,
with results reported in Table III. Transformer-based meth-
ods, due to their quadratic time complexity, typically incur
higher GPU memory consumption and longer inference la-
tency. In contrast, Mamba-based models benefit from linear-
time sequence modeling, offering superior efficiency. Al-
though DTMFRec introduces additional computational over-
head through its multi-path architecture and length-aware
adaptive fusion module, it remains significantly more efficient

than Transformer-based approaches, achieving a better balance
between efficiency and effectiveness.

TABLE III: Efficiency analysis on the Beauty dataset

Dataset Model GPU Mem Inf. Time NDCG@10

Beauty

SASRec 7.58G 123ms 0.0532
FEARec 8.11G 129ms 0.0530
Mamba 2.58G 72ms 0.0540
SIGMA 2.89G 68ms 0.0604
Ours 3.11G 76ms 0.0625

Games

SASRec 7.23G 189ms 0.1002
FEARec 7.98G 260ms 0.1032
Mamba 3.40G 174ms 0.1050
SIGMA 3.11G 171ms 0.1088
Ours 4.23G 182ms 0.1130

TABLE IV: Ablation analysis on the Beauty dataset

Model Components HR@10 NDCG@10 MRR@10

Default 0.1022 0.0625 0.0504
w/o Temporal Mamba 0.0993 0.0612 0.0496
w/o Residual Path 0.0932 0.0569 0.0457
w/o Adaptive Fusion 0.1008 0.0612 0.0491
w/o length embedding 0.0955 0.0575 0.0462

C. Grouped Users Analysis

This section analyzes recommendation performance across
user groups with varying interaction history lengths, with
the goal of gaining deeper insights into the effectiveness of
DTMFRec in improving the experience of long-tail users.
Figure 3 reports the results on the Beauty dataset, from
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which several observations can be drawn. Mamba4Rec, which
directly applies the original Mamba architecture to sequential
recommendation, exhibits inferior performance for users with
short and medium interaction histories. In contrast, SIGMA,
by incorporating partial sequence reversal and bidirectional
modeling, achieves consistently superior results across all
user groups. Notably, DTMFRec outperforms all baseline
methods for every user group, demonstrating a favorable
efficiency–performance trade-off.

D. Ablation Study

The ablation study results reported in Table IV confirm the
importance of each component in our framework. Removing
any module results in a significant performance drop, high-
lighting the critical and complementary roles these compo-
nents play in modeling dynamic user preferences.

V. CONCLUSION

This paper introduces Dynamic Temporal Weighted Multi-
Path State Space Fusion (DTMFRec), a framework for se-
quential recommendation that effectively models users’ evolv-
ing interests.It employs a multi-path architecture to process
both the original and temporally weighted sequences and a
Length-Aware Adaptive Fusion module to adaptively integrate
these paths. Extensive experiments on five real-world datasets
demonstrate the significant performance gains of DTMFRec
and validate the effectiveness of each module.
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