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drops below the threshold value. It will compare the per-
formance of the deployed global model on a certain number
of client devices to determine if the degradation is a global
event. When the global model performance is lower than
the preset threshold value for more than a fixed number of
consecutive times, given that performance degradation is a
global event, a new model training task is triggered.
Consequences:

Benefits:
• Updatability. The consistent updatability of the global

model helps to maintain system performance and reduces
the non-IID data effect. It is especially effective for clients
that generate highly personalised data that causes the ef-
fectiveness of the global model to reduce much faster as
new data is generated.

• Model quality. The ongoing model performance monitor-
ing is effective to maintain the high quality of the global
model used by the clients.

Drawbacks:
• Computation cost. The client devices will need to perform

model evaluation periodically that imposes extra compu-
tational costs.

• Communication cost. The sharing of the evaluation re-
sults among clients to know if performance degradation
is a global event is communication costly.

Related patterns: Client Registry, Client Selector, Model
Co-versioning Registry

Known uses:

• Microsoft Azure Machine Learning Designer12 provides
a platform for machine learning pipeline creation that en-
ables models to be retrained on new data.

• Amazon SageMaker13 providesmodel deployment andmon-
itoring services to maintain the accuracy of the deployed
models.

• Alibaba Machine Learning Platform14 provides end-to-
end machine learning services, including data process-
ing, feature engineering, model training, model predic-
tion, and model evaluation.

3.2.4. Pattern 7: Deployment Selector
Summary: A deployment selector deploys the converged
global model to the selected model users to improve the pre-
diction quality for different applications and tasks. As shown
in Fig. 10, different versions of converged models are de-
ployed to different groups of clients after evaluation.
Context: Client devices train local models using multitask
federated learning settings (a model is trained using data

12https://azure.microsoft.com/en-au/services/machine-learning/desi
gner/

13https://aws.amazon.com/sagemaker/
14https://www.alibabacloud.com/product/machine-learning
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Figure 10: Deployment Selector.

from multiple applications to perform similar and related
tasks). These models need to be deployed to suitable groups
of client devices.
Problem: Due to the inherent diversity and non-IID distri-
bution among local data, the globally trained model may not
be accurate enough for all clients or tasks.
Forces: The problem requires to balance the following forces:
• Identification of clients. The central server needs to match

and deploy the global models to the different groups of
client devices.

• Training and storage of different models. The central server
needs to train and store different global models for diverse
clients or applications.

Solution: Adeployment selector examines and selects clients
(i.e., model users) to receive the trained global model spec-
ified for them based on their data characteristics or appli-
cations. The deployment selector deploys the model to the
client devices once the globalmodel is completely trained.
Consequences:

Benefits:
• Model performance. Deploying converged global models

to suitable groups of client devices enhances the model
performance to the specific groups of clients or applica-
tions.

Drawbacks:
• Cost. There are extra costs for training of multiple per-

sonalised global models, deployment selection, storage of
multiple global models.

• Model performance. The statistical heterogeneity ofmodel
trainers produces personalised local models, which is then
generalised through FedAvg aggregation. We need to con-
sider the performance trade-off of the generalised global
model deployed for differentmodel users and applications.
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