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ABSTRACT

Recently, modelling heterogeneous interactions in recommender
systems has attracted research interest. Real-world scenarios in-
volve sequential multi-type user-item interactions such as “view”,
“add-to-favourites”, “add-to-cart” and “purchase”. Graph Neural Net-
work (GNN) methods have been widely adopted in Representation
Learning of similar sequential user-item interactions. Promising
results have been achieved by the integration of GNNs and trans-
formers for self-attention. However, GNN based methods suffer
from limited capability in handling global user-item interaction de-
pendencies, particularly for long sequences. Moreover, these mod-
els require high computational cost of transformers, due to the
quadratic memory and time complexity with respect to sequence
length. This results in memory bottlenecks and slow training es-
pecially in computational resource-constrained environments. To
address these challenges, we propose the FATH model which em-
ploys Flash Attention mechanism to reduce the high-bandwidth
memory usage over higher-order user-item interaction sequences.
Experimental results show that our model improves the training
speed and reduces the memory usage with better recommendation
performance in comparison with the state-of the art baselines.
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1 INTRODUCTION

Recommender systems (RSs) have been essential in alleviating in-
formation overload to users by generating personalized sugges-
tions. Challenges in modelling real-world scenarios for personal-
ized RSs using deep neural networks have indeed garnered sub-
stantial research attention [36]. These challenges stem from the
complexity and nuances of real-world data and user behavior. In
real-world situations with restricted computational resources, a
key concern arises: can recommendation performance be enhanced
with reduced memory usage costs? Reducing the computational
cost does not only reduce the monetary bill, for instance in the
cloud, but also has a positive impact on the environment by over-
all reduction of the carbon footprint [20, 30]. This study focuses on
the creating GNNs that tackle these challenges.

Self-attention GNN models have been proposed by recent works
[25] to address the limitations of traditional methods, such as Col-
laborative Filtering and Matrix Factorization [41], to model real-
world user-item relations for RSs. In these studies, GNNs leverage
complex user and item features to generate recommendations us-
ing link prediction [1, 36]. Most existing research, however, has fo-
cused on single type user behaviour modelling whereas in the real
practical scenarios user behaviour is multi-type [1, 38, 45]. In ad-
dition, most of these methods are limited to pairwise interactions,
hence they do not efficiently represent multi-order relations [40]
which is inconsistent with real-world scenarios wherein both pair-
wise and higher order relations may be encountered in the same
sequence [5]. Another issue with state-of-the-art GNN models is
high computational cost due to the use of transformers for self-
attention, and have quadratic memory and time requirements with
respect to sequence length [4, 26]. As a result of this, the models
have a memory bottleneck and their training process is slower [23].
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Several multi-behaviour recommendation models approach have
been proposed [38-40, 45], in which collaborative behaviour such
as “view”,“add-to-favourites”, “add-to-cart” is used to predict the tar-
get “purchase” behaviour [36, 44]. While the recommendation per-
formance has been shown to improve using these methods, the
high computational cost issue, particularly over long user-item in-
teraction sequences remains an active research direction [29]. An-
other issue with GNN methods is the limitation of the message-
passing scheme, whereby node features are propagated according
to the input neighborhood information, and they are unable to cap-
ture dependencies between nodes nodes with a longer distance
than their message-passing steps [7].

To address the highlighted challenges, we propose the Hyper-
graph Flash Attention Transformer for Multi-Behaviour Rec-
ommendation (FATH), which models the multi-behaviour data
as high-order Multi-Layer Perceptron (MLP) linear layers, to cap-
ture more intricate patterns beyond the capabilities of the tradi-
tional GNN message-passing scheme. In this way, the model is
able to learn both the local neighborhood user-item interactions
as well as global dependencies such as node-to-edge or edge-to-
node and interactions and between nodes which have no direct
connection [15]. We further adopt Flash Attention to minimize the
number High Bandwidth Memory (HBM) accesses during the at-
tention computations [2]. Our model uses fewer memory and com-
putational resources compared to the conventional Vanilla Trans-
former, achieved by minimizing data transfers between HBM, SRAM,
and back.

The main hypothesis is that the efficient modelling of both the
local and the global interactions enhances the representational ca-
pacity of the model, ultimately boosting recommendation perfor-
mance. Additionally, earlier research has demonstrated that reduc-
ing HBM accesses results in quicker convergence and decreased
memory utilization [2].

Our key contributions can be outlined as follows:

We introduce a novel GNN approach that enhances the recom-
mendation performance and overcome the constraints of message-
passing GNNs in capturing extensive dependencies. Our approach
integrates a higher-order MLP-layer hypergraph model [15].

The proposed approach also optimizes memory and time effi-
ciency within the model. This is achieved by incorporating block-
wise flash attention mechanism [2], thereby reducing GPU HBM
read and write operations.

In our experiments, we apply the proposed FATH model to the
IJCAI dataset widely used in literature for recommendation tasks.
Experimental results demonstrate that our model improves the rec-
ommendation performance and reduces the computational cost im-
provement compared to the state-of-the-art baselines.

2 RELATED WORK

Recent studies have used GNN methods to model heterogeneous
data in RSs [33]. Graph Convolution Networks (GCNs) [28, 35]
have shown promising results in various RS and Information Re-
trieval tasks [5, 43]. A limitation observed in GCNs is the fixed
topology post-training. Efforts to mitigate this concern have re-
sulted in the introduction of hybrid GCN-based self-attention ap-
proaches, which involve integrating transformers to overcome this
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problem [31]. Transformer-based recommendation models have
been employed to manage dynamic scenarios, such as those en-
countered in session-based and sequential recommendation tasks.
This includes plain transformer-based models [13, 27] as well as
hybrid GNNs [42]. The main drawback of this family of methods is
the high computational cost. Several methods been proposed to re-
duce the high computational cost of transformers [9, 16-18, 21, 24].

An alternative strategy for enhancing RS performance is through
the adoption of multi-behavior recommendation models [1, 39].
These models leverage collaborative signals such as views, clicks,
and add-to-favorites to improve predictions for the target behav-
ior, which might involve rating or purchasing. While aligning well
with real-world scenarios, research in this domain encounters con-
straints rooted in the foundational models, such as memory bot-
tlenecks within self-attention modules and the challenges posed
by higher-order user connections in GNN-based models [3, 14, 22].
In our work, we further advance the multi-behavior approach by
employing a hypergraph MLP-based representation model coupled
with a sub-quadratic attention module, thereby enhancing recom-
mendation performance while concurrently reducing computational
demands.

3 METHODOLOGY

3.1 Approach Overview

Our proposed methodology leverages the hypergraph neural net-
work model to depict higher-order interaction sequences between
users and items. This framework enables the generation of embed-
dings that effectively capture multi-type user-item interactions. To
overcome the computational cost bottleneck, our approach incor-
porates the Flash Attention mechanism introduced by Dao et al. [2].
This mechanism reduces the frequency of memory reads/writes to
memory bandwidth.

The underlying assumption is that by combining both of these
techniques, we can achieve a reduction in the overall time required
for attention computations as well as a decrease in GPU RAM uti-
lization. Consequently, our recommendation approach gains the
capability to process more extensive and multi-context user-item
interaction sequences at an accelerated pace and with reduced com-
putational expenditure. This integration ultimately translates into
an improved recommendation performance.

Problem Formulation. In the e-commerce domain, we denote the
user as u; and an item as v;. The set of users is u; € U where
|U| =1, Iis total number of users. For user u;, we denote the inter-
action sequence as S; = [(U,-,l, bi1),. .., (vij,bij),. .., (vi), bl-,])]
where J is the length item sequence length. We also denote b; j as
the behavior interaction type between user u; and item v in S;. In-
stances of behavior types include view, add-to-cart, add-to-favorite,
and purchase. When our focus is on forecasting the purchase be-
havior, the supplementary collaborative behaviors such as view,
add-to-favorites, and add-to-cart contribute supplementary contex-
tual insights into user preferences. In sequential recommendation,
the input is the interaction sequence S; of user u;. The output is
the function which estimates the probability of user u; interaction
with item o7, for the target behavior at time (J +1).
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Figure 1: (A) Most real-world e-commerce recommendation scenarios consist of multi-order user-item interactions. (B) Rec-
ommendation model workflow. (C) The Hypergraph-Flash Attention module.

3.2 Memory Overview

The GPU’s memory structure comprises High Bandwidth Mem-
ory (HBM), serving as the principal memory, and Static Random
Access Memory (SRAM), functioning as the rapid cache memory
[10]. In terms of characteristics, SRAM is both quicker and more
compact than HBM. Throughout the execution of the model, GPU
operations (kernels) retrieve input data from HBM, perform com-
putations in the SRAM, and subsequently store the output back
in HBM [12]. Kernels are classified as either compute-bound or
memory-bound depending on the number of arithmetic operations
per memory access [19]. In standard self-attention, intermediate
attention outputs need to be written to HBM for the forward and
backward passes, which results in more accesses between the HBM
and SRAM, resulting in high memory and time complexity [21].

3.3 Hypergraph Model

The proposed hypergraph model includes high-order MLP-Layers

to represent the multi-typed user-item interactions. The users/items
are represented by the nodes whereas hyperedges connect users to

items they have previously interacted with. To make personalized

recommendations to a user, the Query vector represents their pref-
erences based on a weighted combination of their past interactions.
The Key vector captures important item features, and the Value vec-
tors contain the information used to make recommendations.

Hypergraph Flash-Attention. For each user’s Query vector , simi-
larity scores are computed with Key vectors of items and attributes
to represent their interest in those items. These scores are used as
attention weights to aggregate the corresponding Value vectors of
items and attributes, which captures the items alignment with the
user preferences. The highest ranked items then recommended to
the user. To jointly encode the global and local user-item interac-
tion dependencies, the attention output is computed by a summa-
tion of the attention scores of the node-to-node attention, the node-
to-hyperedge attention between the Query vectors and the corre-
sponding hyperedge of the Key vectors, information sequence with
the Relative Positional Embeddings (RPE), and the augmented hy-
peredge representations [47].

During the attention computations, the objective is to enable
faster training and use less memory. This is achieved by splitting
the input sequence data into blocks and then use the tiling and

recomputation techniques to reduce the number of read/write op-
erations between the GPU SRAM and HBM.

The input data is split into blocks of query, key, and value from
GPU HBM to SRAM and several forward passes are made over the
input blocks. The tiling technique is performed by incrementals
softmax reduction over the blocks instead of the whole sequence.
Instead of reading the intermediate attention matrix from the HBM
as in standard attention, the softmax normalization factor from the
forward pass is stored and used in the SRAM for the backward
pass attention computation without the storing and reading the
intermediate matrix from the HBM [2].

Since the attention matrix is processed in tiles, with only the
immediate softmax and exponential weighted sums being stored
on-chip, the GPU memory usage is reduced [29].

4 EXPERIMENTS

In conducting our experiments, we aim to answer the research
questions outlined below:

e RQ1: Does the FATH approach outperform existing state of
the art baselines?

e RQ2: Does the Flash Attention mechanism reduce the model
computational cost in terms of memory requirements and
runtime for model training and evaluation?

Experimental Setup: To recommend an item to a user for po-
tential purchase preference, it is necessary to take into account
the previous multi-behavior interactions by users for the partic-
ular item. For evaluation, we use the leave-one-out strategy and
follow the settings described in [42] and [27]. We obtain the test
samples from the last purchase for each user and the validation
samples from the previous purchases.

Dataset: For our experiments, we use the IJCAI real-world e-
commerce dataset as pre-processed by Yang et al. [42]. This dataset
was released for the IJCAI 2015 Contest and it contains purchase,
add-to favorites, add-to-cart and view user-item interactions. The IJ-
CAl dataset contains (200, 000) users, (808, 354) items, and (13, 072, 940)
interactions.

Metrics: In order to evaluate the recommendation performance,
the Hit Ratio (HR), Normalized Discounted Cumulative Gain (NDCG)
and Mean Reciprocal Rank (MRR) [34, 37]. Higher HR, NDCG and
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Model HR@5 NDCG@5 HR@10 NDCG@10 MRR
GRU4Rec  0.142 0.104 0.205 0.118 0.115
SASRec 0.144 0.109 0.190 0.122 0.120
BERT4Rec  0.298 0.218 0.408 0.256 0.228
HyperRec  0.138 0.105 0.232 0.140 0.130
NMTR 0.112 0.078 0.238 0.146 0.134
MB-GCN  0.216 0.144 0.337 0.184 0.178
MBHT 0.342 0.265 0.434 0.296 0.274
FATH 0413 0.286°  0.465°  0.312"  0.297°

Table 1: Performance Comparison: Bold * indicates the per-
formance improvement by our approach over the best per-
forming baseline at 0.05 significance with paired t-test.

MRR values indicate better performance. For memory usage as-
sessment we report the RAM memory usage during training and
inference. Lower memory requirement indicates better efficiency.
Finally, for the runtime comparison we compare the training and
evaluation time (per epoch) of our model against other baselines.
A lower runtime indicates a faster model.

Model Learning Setup: Our experiments are conducted using
the Pytorch RecBole framework [46]. In order to train our model,
the block size used is 32 and the sequence length is 4096. For fair
comparison with other baselines, we follow the settings used by
authors in [42] and [27] for sequential recommendation. The GPU
hardware used is NVIDIA Tesla A100.

Baselines: We compare our approach to three groups of state

of the art recommendation methods: 1) Sequential Methods, 2) Graph-

based Methods, 3) Multi-behaviour Methods. For the first group we
include GRU4Rec: A recurrent neural network model that uses a
gated recurrent unit encoder to learn dynamic user-item interac-
tions [8]. We also include SASRec: A Self-attention model for se-
quential recommendation [13]. For the second group we include
NMTR, a relationship cascading model the multi-type behaviour
dependencies [6]. In addition, BERT4Rec uses a self-attentive bi-
directional model for sequence modeling [27]. We include Hyper-
Rec: A hypergraph representation learning model for dynamic user-
item interactions [32]. For the multi-behavior methods group we
include MB-GCN, a graph convolutional network based embed-
ding model for user behaviour modelling [11], and MBHT, A Multi-
Behavior Hypergraph-enhanced Transformer model for learning
cross-type behavior dependencies [42].

5 RESULTS AND DISCUSSION

Performance Evaluation (RQ1): From results in Table 1, multi-
behavior recommendation models MB-GCN and NMTR achieve
better recommendation performance compared to SASRec, Hyper-
Rec and GRU4Rec. This indicates the effectiveness of incorporat-
ing multi-type behavior context information into the representa-
tion learning process. With a hypergraph representation learning
which captures long-range item dependencies across behavior types,
the MBHT model has better recommendation performance than
the other multi-behavior recommendation approaches. Our FATH
method outperforms the MBHT model, which can be attributed to
the difference in the modelling of the context information , partic-
ularly the local and global dependencies of the user and item in-
teractions, shows the effectiveness of our model compared to the
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GNN message passing-scheme used in the MBHT model. Efficient
attention also contributes to the improved recommendation perfor-
mance, as shown by the superior performance of the BERT4Rec.

Model Variant NDCG@5
FATH 0.286"
FATH without Joint-to-hyperedge attention 0.262
FATH without Relative Positional Embedding 0.251
FATH without Hyperedge Attentive Bias 0.236
FATH without Node to Node attention 0.248

Table 2: Ablation Study results showing the effect of key
modules on the model performance.

Ablation Study: We study the effect of key modules of our
model in our model. Experimental results conducted by removing
the components indicated in Table 2 show a reduced performance
of the model in terms of the NDCG metric, which shows their ef-
fectiveness in the model.

Model Runtime (sec/epoch) GPU Memory (GB) NDCG@10
SASRec 1,784 12.36 0.122
MBHT 1,588 11.28 0.296
BERT4Rec 1,968 13.68 0.256
FATH with Vanilla 2,486 14.75 0.313*
FATH 1,458 10.427 0.312

Table 3: Efficiency Evaluation Results. The lowest memory
usage and runtime are indicated in bold.

Efficiency Evaluation (RQ2): We examine FATH model’s com-
putational cost in comparison to self-attention models SASRec, BERT4Rec,
and MBHT (with low-rank attention). Memory and training effi-
ciency are compared at sequence length 4096, batch size 64, 16
heads, and head dimension 64. Table 3 reveals our model’s supe-
riority in time and memory requisites. This stems largely from the
Flash Attention mechanism, curtailing reads/writes to HBM, lead-
ing to enhanced speed and reduced memory usage versus transformer-
based models. Notably, utilization of Flash Attention markedly al-
ters model memory and runtime, diverging from the standard Vanilla
Transformer approach.

6 CONCLUSION

In this paper, we proposed the FATH model which uses Flash At-
tention on an MLP-based hypergraph model for multi-behaviour
product recommendation. Experimental results on the IJCAI real-
world dataset demonstrate performance improvement with less
memory usage and faster runtime by our model compared to the
state-of-the-art baselines. In future, we plan to study our model
performance on longer sequences as well as other GPU architec-
tures.
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