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ABSTRACT

Recommender systems (RS) are essential for the modern web, pro-
viding personalized suggestions that alleviate information overload
and enhance the user experience across various platforms. Graph
neural networks (GNN) have been proposed for RS and demonstrate
significant potential. However, GNN-based methods are prone to
oversmoothing in practical settings, limiting their expressive power
and ability to capture complex data patterns effectively [15]. Re-
cent research has also explored graph-transformer-based RS meth-
ods that, while improving performance, tend to increase computa-
tional costs, particularly in large-scale scenarios. To address these
challenges, we introduce FAHMRec, an efficient hypergraph-based
model for multi-behaviour recommendation. Experimental results
demonstrate that our method outperforms state-of-the-art baselines
in recommendation quality while also reducing memory and time
costs.
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1 INTRODUCTION

Recommender systems have emerged as an effective solution to
mitigate information overload on various web platforms. In real-
world scenarios where data continually evolves, developing effi-
cient models to generate high-quality recommendations remains
a critical research challenge. Graph neural networks have been
proposed to enhance recommendation systems by leveraging the
message-passing scheme [4] to model user-item interactions. How-
ever, message-passing GNN methods face several challenges, in-
cluding oversmoothing and oversquashing [2]. Oversmoothing oc-
curs when node embeddings converge and become nearly indistin-
guishable after multiple layers of message passing, which leads to
loss of node information, hindering the model’s ability to capture
long-term dependencies within the graph [5]. On the other hand,
oversquashing arises when information transfer between distant
nodes is insufficient due to repeated message-passing steps [17, 28].
Consequently, signals from distant nodes are progressively diluted,
reducing the model’s ability to represent complex behaviours and
long-range interactions. Furthermore, GNN methods struggle to
effectively model dependencies that extend beyond the reach of
their message-passing framework [15]. Moreover, the self-attention
mechanism [24] applied in most GNN-based RS methods, adds sig-
nificant computational overheads due to its quadratic time and
space complexity with respect to input size, which makes these
methods less practical for large-scale applications [23]. These chal-
lenges pose an important question: How can we improve the compu-
tational efficiency of GNN-based RS methods without loss of recom-
mendation accuracy in large-scale scenarios?

Motivated by this question, we propose the Fast Attention
Hypergraph Multi-Behaviour Recommendation (FAHMRec)
model, which aims to simultaneously address both performance and
efficiency issues. Our contributions are summarized as follows:
We propose a novel hypergraph representation learning model
for multibehaviour recommendation, which leverages high-order
permutation-invariant layers without message-passing. The model
effectively captures user-item interactions across diverse user be-
haviours, ensuring consistent learning while maintaining robust
output. This representation learning approach has been shown to
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be more expressive compared to the GNN message passing scheme
[9, 22]. Additionally, we introduce an efficient higher-order atten-
tion mechanism that approximates standard self-attention with
linear time and space complexity, thereby significantly reducing
memory usage and achieving faster model runtime. Experimental
results using three real-world datasets demonstrate improvement
in both performance and computational efficiency compared to
state-of-the-art methods.

2 RELATED WORK

Hypergraph neural networks (HGNN) have emerged as a powerful
tool in representation learning to address the limitations of tra-
ditional GNN methods [1]. HGNNs have been applied to model
higher-order relationships to capture complex interactions more
effectively through nodes and hyperedges [11]. The use of HGNNs
to improve the performance of recommendation is an active re-
search area [12, 30]. Taking into account multiple items and users
simultaneously, HGNNs have been shown to capture more nuanced
interactions, leading to better quality recommendations [14].

The success of transformers has driven their adoption in various
tasks, including recommender systems [12]. However, their high
computational cost remains a significant bottleneck for scalability
[13]. To address this, several techniques have been proposed to
enhance transformer efficiency. These include low-rank approxima-
tions [18, 23], kernel-based approaches [18] and sparse attention
methods that reduce computation time and memory usage [13].
In this work, we also propose an efficient attention framework to
address scalability challenges in recommender systems [19].

Recent research has explored the representation of GNNs as
MLP-based linear layers [10], offering a new research direction for
more efficient representation learning models that process graph
data without relying on the message-passing scheme [22]. Maron
et al. introduced linear operators between tensors of arbitrary or-
der, demonstrating that their method is more expressive than sev-
eral message-passing GNN baselines [16]. Similarly, Kim et al. also
showed that GNNs could be represented as independent tokens and
embedded as input to transformers, proving that this approach out-
performs message passing in terms of expressiveness [8]. Inspired
by this approach, we extend the non-message passing paradigm to
develop faster and more scalable recommendation systems.

3 METHODOLOGY

In this section, we introduce the FAHMRec model. We apply high-
order linear layers to represent user-item interactions, and kernel
attention mechanisms to capture complex dependencies, reducing
the computational complexity from quadratic to linear. The model
architecture is shown in Figure 1.

3.1 Hypergraph Representation

k
We define a higher-order tensor A € R” X4 where k is the order
of the tensor, d is the input feature dimension and d’ is the output
feature dimension.

Embedding Layer: We define a higher-order linear layer Li_,; :

k Igd’ 1. . .
R7 %4 R Xd" which projects A into a new feature space:
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Lisi(A)j = ZBi,inW) 1)
i

k

where: A € R" %4 s the input tensor, representing the features
K+l

of hyperedges, B; j € R" " is the weight matrix that encodes inter-

Rdxd’

actions between nodes, W € is a learnable weight matrix.

3.2 Attention Module

To improve computational efficiency, we compute the attention
of the transformed tensor Lg_,;(A), reducing the complexity from
quadratic to linear. The output of self-attention is computed using
the following equation:

H
Attnk_,l(A)j = Z Z ai}fj (Lkﬁl(A)i)W}YW}?’ @)
h=1 i

where: H is the number of attention heads, Lp_,;(A); € R? is the i-
th row of the transformed tensor, WhV € R¥'%do and WhO € RdoXdo
are the value and output projection matrices and ocl{l | is the attention
coefficient for the h-th head, computed as:

A exp(a(Q1.K[)) - Si, 6
a. . = .
Y Srepexp(o(QLK]) - Sij)

where: Qj.l and th are the query and key vectors for the j-th

output and i-th input, respectively, and U(Q;l, K ih) measures their
similarity. S; ; € {0, 1} represents active hyperedges, with S; j = 1
indicating a valid connection between i and j. Restricting compu-
tations to non-zero entries of S reduces complexity from O(n?) to
O(k - n), where k is the number of active hyperedges per query.
Thus, where n is the number of nodes, the overall computational
complexity is reduced to linear:

O(n-d-d)+0(k-n-d)~O(k-n-d’) where k<n, (4)

3.3 Model Training

Our training objective is to minimize the cross-entropy loss. Let
P(jlu, i) denote the predicted probability that item j is the next
item for user u after interacting with item i. Given a set of items

J = {j1, j2, - - -, jc}, we define the cross-entropy loss as follows:
1 o
Lep ==y D, D, YujlogPUlui) %)
(wi)eD je]

where N is the total number of user-item pairs in the data D,
yy,j is a binary indicator that is 1 if the next item for user u is j and
0 otherwise.

4 EXPERIMENTS

In conducting our experiments, our objective is to answer the fol-
lowing research questions: RQ1: Does the proposed model improve
the performance of the recommendation? RQ2: Does the proposed
framework reduce the memory and runtime cost of the model?
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Figure 1: Proposed FAHMRec framework. User-item interactions are embedded as higher-order tensor representations. Kernel

attention is then applied to capture complex user-item interactions.

. Model

Dataset  Metric  —orep  —BFRT4Rec MB-GCN MB-GMN KMCLR MB-STR MBHAT HMAR PBAT FAHMRec
HR@5 0.257 0.275 0.244 0.398 0459 0694 0682 0692 0737  0.756"

Taobao  NDCG@5 0186 0.197 0.178 0.226 0277 0583 0594 0593  0.650  0.677*
HR@10 0.379 0.395 0.367 0.496 0575 0776 0768  0.819  0.805  0.826
NDCG@10  0.227 0.245 0.214 0.306 0387  0.616  0.608 0658 0676  0.705"

HR@5 0.486 0.496 0.348 0.463 - 0802 0.776 - 0.874  0.885"

ICAI NDCG@5  0.356 0.366 0.212 0.289 - 0.695  0.678 - 0784  0.816"
HR@10 0.602 0.625 0.451 0.522 . 0.884  0.854 . 0914  0.932*
NDCG@10  0.415 0.428 0.271 0.339 - 0716  0.707 . 0795  0.809*

HR@5 0.584 0.594 0.625 0.655 0689 0746 0769 0775 0789  0.814"

Tianchi  NDCG@5 0349 0.353 0.426 0.454 0483 0496 0488 0495 0567  0.603*
HR@10 0.606 0.684 0.728 0.735 0712 0756 0782 0795  0.813  0.847*
NDCG@10  0.477 0.492 0.505 0.539 0535 0593 0582  0.623 0618  0.639"

Efficiency Evaluation: Runtime (sec/epoch) and Memory (GB) for NDCG@10 and HR@10

Memory (T)  12.72 12.84 13.24 14.33 1456 1544 1112 1224 1345 10.26

Taohao  RuUNtime (T) 179845  1886.14 213522 230694 238727 261665 160853 167279 197682 1555.12
Memory (I)  12.56 12.84 13.39 14.65 1473 1567 1171 1265 1372 10.34

Runtime ()  8.54 17.96 19.25 18.54 1175 1067 853 752 8.67 7.46

Memory (T)  13.87 13.94 11.82 14.98 - 1587 1178 - 14.43 10.86

gear  Runtime(T) 192315 197221 224237 236846 - 2689.13 1669.62 -  2051.27 1061.90
Memory (I)  13.94 14.02 12.22 15.16 . 1607 1186 - 14.77 11.34

Runtime ()  12.31 21.59 25.61 24.39 . 1293 11.72 . 10.18 9.27

Memory (I) _ 8.34 8.89 9.23 10.01 11.16 1280 819 1027  9.64 8.09

Tianchi  Runtime () 152260 167508 188874 199230 200674 212549 1487.62 157354 167882 1412.82
Memory (I)  8.54 8.91 9.34 10.60 1138 1296 824 1029  9.78 8.42

Runtime ()  6.36 15.52 18.92 17.46 9.46 8.53 642 512 8.7 4.46

Table 1: Performance comparison: The best performances indicated in bold show the relative improvement over the best
performing baseline at 0.05 significance with paired t-test. The underlined values indicate the second best performance. For
efficiency evaluation, the memory usage and runtime are measured during training (T) and inference (I).
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Experimental Setup. For performance evaluation and fair com-
parison, we use the leave-one-out strategy and follow the Cloze
task settings in [27] and [21]. We obtain the test samples from the
last purchase for each user and the validation samples from the
previous purchases. Grid search is used to select hyperparameter
values. The input feature dimension (d) and the output feature di-
mension (d’) are tested within the range {64, 128, 256}. The number
of attention heads (H) is varied between {4, 8, 16}. The depth of the
embedding module is tested for {1, 2,3} layers, and the learning
rate is tuned from {1 X 10745 x 10741 x 10_3} with a cosine
decay scheduler. The batch size is varied on {128, 256,512}, and the
dropout rate is tested within {0.0, 0.1, 0.2}. The number of active
hyperedges per query (k) is explored within {5, 10, 20}. Regular-
ization is controlled using a weight decay factor (1) chosen from
{1 % 10761 x 107°,1 x 10_4}. Finally, the AdamW optimizer is
used for parameter updates. Our model is implemented using the
Pytorch RecBole framework [31].

Dataset #Users #Items #Interactions Behaviour Type

Taobao 147,894 99,037 7,658,926 [view, fav, cart, buy]
IJCAI 423,423 874,328 36,222,123 [view, fav, cart, buy]

Tianchi 25,000 500,900 4,619,389 [view, fav, cart, buy]

Table 2: Summary of dataset statistics.

Datasets. For our experiments, we use three datasets summa-
rized in Table 2. The Taobao dataset contains purchase, add-to-
favourites, add-to-cart and view user-item interactions [20]. [JCAI
was released for the IJCAI 2015 contest and contains purchase,
add-to-favourites, add-to-cart, and view user-item interactions [20].
Tianchi, collected from Tmall, includes buy, add-to-cart, add-to-
favourite and view behaviours [3].

Baselines. We evaluate our model by comparing with the fol-
lowing baselines:

o SASRec: A sequential recommendation model that uses the
transformer self-attention mechanism to identify relevant
items at each time step for the next-item prediction task [7].

o BERT4Rec-M: A sequential model that applies bi-directional
transformer-based self-attention for recommendation [21].

e MB-GCN: A multi-behaviour graph convolutional network-
based model which combines behaviour-aware user-to-item
embedding propagation as well as item-to-item embedding
propagation layers for multi-behaviour recommendation [6].

e MB-GMN: Integrates graph neural networks with meta-
networks for multi-behaviour recommendation [25].

e KMCLR: Applies a multi-behaviour learning module to ex-
tract user information and uses a knowledge graph to derive
item representations for recommendation [26].

e MBHT: A multi-behaviour recommendation model that ap-
plies a multi-scale transformer to capture local user-item
dependencies and a hypergraph convolution module to cap-
ture global dependencies [27].

e MB-STR: A multi-behaviour model which integrates a be-
haviour transformer layer and a sequential pattern generator
module for sequential recommendation [29].
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e HMAR: Uses masked self-attention to items of the same
behaviour, and across behaviours, and encodes the historical
frequency of each item’s behaviour in the input sequence
for multi-behaviour recommendation [3].

e PBAT: A multi-behaviour recommendation model which
applies a personalised behaviour pattern generator to extract
dynamic behaviour patterns [20].

Dataset Metric Model Variant
FAHMRec FAHM-V FAH-MP FAHM-SB
HR@10 0.826 0.817 0.724 0.621
NDCG@10 0.705 0.697 0.610 0.532
Taobao  Memory (T) 10.26 13.45 12.46 9.76
Runtime (T) 1555.12 2352.11 2140.89 1462.09
Memory (I) 10.34 13.35 11.67 8.75
Runtime (I) 7.46 10.21 9.98 7.20
HR@10 0.932 0.928 0.891 0.816
NDCG@10 0.809 0.801 0.731 0.683
goar  Memory (D) 10.86 13.95 12.23 10.10
Runtime (T) 1061.94 1876 1398.69 1005.09
Memory (I) 11.34 13.35 11.43 10.58
Runtime (I) 9.27 11.76 10.98 8.82
HR@10 0.847 0.826 0.746 0.723
NDCG@10 0.639 0.631 0.582 0.554
Tianchi Memory (T) 8.09 12.45 11.68 7.96
Runtime (T) 1412.82 2531.05 1740.54 1360.32
Memory (I) 8.42 10.35 9.57 8.21
Runtime (I) 4.46 6.76 5.98 4.22

Table 3: Ablation study results.

Metrics. We evaluate the performance of our model using the
following metrics: HR@k and Normalised Discounted Cumulative
Gain (NDCG@k) where k is set to 5 and 10. We also evaluate the
memory usage and run-time.

4.1 Performance Evaluation (RQ1)

Experimental results in Table 1 show that incorporating multi-
behaviour information improves the recommendation performance,
as validated by the superior performance of multi-behaviour mod-
els MBHT, HMAR and PBAT compared to the sequential methods
SASRec and BERT4Rec. Our model outperforms both sequential
and message-passing hypergraph methods, which highlights the ef-
ficacy of FAHMRec in capturing complex higher-order interactions,
thus improving recommendation performance.

Ablation Study: We study the influence of our model compo-
nents by introducing variants that do not incorporate the respective
modules. FAHM-SB: we remove the collaborative multi-behaviour
information and use only purchases for model evaluation, FAHM-
MP: we apply a hypergraph convolution network in place of the
MLP hypergraph module , and FAHM-V: we use the standard
vanilla self-attention instead of kernel attention. As shown in Table
3, all three variants of the FAHMRec model show a degradation
in performance against the complete FAHMRec model, which fur-
ther validates the benefits of the MLP hypergraph, efficient atten-
tion and multi-behaviour modelling. The degraded performance
against the FAHMRec model validates that our proposed method
is more expressive than message passing. Another observation is
that FAHMRec model variants show better performance compared
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to the sequential methods SASRec and BERT4Rec. We attribute
this to the contribution of the hypergraph module, which enables
higher-order representation learning.

4.2 Efficiency Evaluation (RQ2)

We study the computational efficiency of our model by comparing
memory and runtime with the baseline models. From the results in
Tables 1 and 3, our model shows superior efficiency compared to
the vanilla attention-based models SASRec, BERT4Rec, MB-STR,
PBAT and the FAHM-V variant, and the GNN message passing
methods MB-GCN and MB-GMN. Although performance is similar
between the FAHMRec and FAHM-V model variants, the former is
significantly more efficient in terms of memory usage and runtime.
This validates the efficiency of our kernel-based attention module
compared to standard self-attention. MBHT shows relatively better
efficiency compared to other baselines, which can be attributed to
the low-rank attention used in the model.

5 CONCLUSION

In this paper, we introduce the FAHMRec model that uses a non-
message passing hypergraph model to capture intricate user-item
interactions for multi-behaviour recommendation. Experimental
evaluations on three real-world e-commerce datasets demonstrate
the superior performance of our proposed model compared to state-
of-the-art baselines while requiring less memory and achieving
faster runtime. These results highlight the efficacy of our proposed
approach in addressing the challenges posed by heterogeneous
data, paving the way for more effective and scalable learning in
real-world recommender systems.
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