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Abstract

Data isolation and privacy protection are becoming new challenges for deep learning. Federated learning (FL) has
been shown to be a key example of privacy—preserving global training models derived from decentralized data in or—
der to address such issues. This research proposes a new personalized federated knowledge distillation model based
on a multi—head attention mechanism for a recommendation system. Compared to numerous benchmark models, our
study demonstrates that our technique yields promising results.

I. Introduction

Federated learning (FL) is a distributed machine
learning framework first proposed by McMahan et al.
[1]. It can conduct collaborative training without shar—
ing private data and has achieved unprecedented suc-
cess in data privacy.

With the higher complexity of the model of the rec—
ommendation system, more weight coefficients need
to be exchanged by the federated learning, which
brings severe challenges to the communication over—
head of the edge devices. Han et al. [2] Proposed a
general federated sequence recommendation model
(DeepRec), which effectively avoids the risk of priva—
cy disclosure. However, DeepRec did not consider
different preferences and hidden microscopic behav—
iors. Xuan et al. [3] introduced knowledge distillation
into the federated learning scenario and proposed a
personalized FedCodl model, effectively solving the
communication problem between model parameters
and drinking devices.

However, in the recommendation system, since the
highly heterogeneous data among users, the conver—
gence speed and the accuracy of the global model are
low in practical applications.

To address such limitations, this research introduc-
es federated distillation based on a multi-head atten-
tion mechanism for a recommendation system, namely
MAFD. Compared with the traditional federated learn—
ing model, we add the Wasserstein Distance (WD) and
regular terms to the joint objective function to reduce
the impact on the global model caused by the differ—
ence between the teacher and student network. Also,
the improved multi-head attention mechanism is pre—
sented in the end process of federated distillation de—
vices to enrich the feature encoding information.

II. Proposed MAFD model

This section presents the detailed workflow that we
proposed the personalized federated distillation strat—
egy based on a multi-head attention mechanism.

(i) Assuming that the entire recommendation system
has d devices, a deep learning recommendation model
(student model) is initialized for each device D, and
the model is trained using local data. It is worth noting
that the local model uses the attention mechanism to
encode the local user and item features, fuse the fea-
ture cross information to obtain the feature embedding
expression, and train these expressions as the input of
the local model. The attention mechanism can capture
more implicit features, and the coding can reduce the
risk of data leakage from local users.
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Figure 1: The MAFD model framework

(i) The local devices upload the trained model pa-
rameters to the Federated Center. Here the parame-—
ters uploaded by the federated distillation method are



Logits vectors calculated by the last Softmax layer of
the local student model instead of the model weight
matrix, which can significantly reduce the number of
uploaded parameters and relieve the communication
pressure of the central equipment.

(iii) The Federated Center integrates the Logits
vectors of all received devices into a new global
Logits vector. For each device, the federated learning
is used to build the teacher model of the device and
distribute it to each device for updating.

(iv) The local equipment receives the teacher model
and optimizes the joint loss function by combining the
adaptive learning rate strategy to guide the training of
the student model.

Experiments: The effectiveness of the MAFD model
on the MovieLens 1M [4] is verified. The MovieLens
1M dataset contains 1500 users and user features,
200movies, as well as the label attribute information
of movies. In the experiment, movies with more than
20 movie reviews and users with more than or equal
to 10 movie reviews were selected as training sam-—
ples. To compare the performance of different feder—
ated algorithms, we compared the basic MAFD com-
bined with the convolutional neural network (CNN)
proposed in this paper with two other federated mod-
els: (i) FD + CNN: Federated knowledge distillation
algorithm combined with CNN [5]; (II) FDIN: Federat-
ed learning (FedAvg) combined with deep interest
network (DIN) [6].

Evaluation: To measure the recommendation perfor-
mance of the model, we first evaluated the model's
accuracy, and then used mean absolute error (MAE) to
analyze the model's performance.
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Figure 2: Different model’s accuracy on MovieLens

The results of three different model frameworks on
the same data set are presented in Figure 2, which
clearly suggests that the accuracy of the MAFD model
proposed is higher than that of other models in each
group, the average accuracy is above 80%.

Except the RMSE indicator, in this research, we in—
troduce the MAE. Tablel is observed that among the

three models, the MAE value of the MAFD model is
the smallest and below 0.2 in each group devices, it
reveals that the proposed MAFD is promising perfor—
mance.

Tablel: Different models’ MAE in three groups

Index and model Groupl | Group2 | Group3 | Global

MAFD+ CNN 0.15 0.21 0.19 0.18

MAE FD+CNN 0.18 0.28 0.26 0.24

FDIN 0.16 0.25 0.23 0.21

III. Conclusion

In this paper, we presented a federated distillation
method based on a multi-head attention mechanism to
improve the model's performance. Through multiple
rounds of experiments on the MovieLens 1M dataset,
compared with other models, the MAFD model
achieves an accuracy of more than 80% and signifi—
cantly improves the convergence speed and running
time. In future research, we will further test the ro-—
bustness of the model in different data sets and try to
adopt the combination of joint distillation and multi—
task learning to formulate different strategies for dif—
ferent devices while compatible with multiple training
tasks, to reduce the flow and model running time sig—
nificantly.
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