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• Data privacy. Data privacy challenges exist when the cen-
tral server collects the client information to identify suit-
able models for different clients. Moreover, the global
model might be deployed to model users that have never
joined the model training process.

Related patterns: Client Registry, Client Selector

Known uses:

• AzureMachine Learning15 supportsmass deploymentwith
a step of compute target selection.

• Amazon SageMaker16 can hostmultiplemodels withmulti-
model endpoints.

• Google Cloud17 uses model resources to manage different
versions of models.

3.3. Model Training Patterns
Patterns about the model training and data preprocessing are
group together as model training patterns, including multi-
task model trainer that tackles non-IID data characteristics,
heterogeneous data handler that deals with data heterogene-
ity in training datasets, and incentive registry that increases
the client’s motivatability through rewards.
3.3.1. Pattern 8: Multi-Task Model Trainer
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Figure 11: Multi-Task Model Trainer.

Summary: In federated learning, a multi-task model trainer
trains separated but related models on local client devices
to improve learning efficiency and model performance. As
shown in Fig. 11, there are two groups of applications: (i)
text-related applications (e.g., messaging, email, etc.), and
(ii) image-related applications (camera, video, etc.). The re-
lated models are trained on client devices using data of re-
lated tasks.
Context: Local data has statistical heterogeneity property
where the data distribution among different clients is skewed
and a global model cannot capture the data pattern of each
client.

15https://docs.microsoft.com/en-us/azure/machine-learning/concept-
model-management-and-deployment

16https://docs.aws.amazon.com/sagemaker/latest/dg/multi-model-endp
oints.html

17https://cloud.google.com/ai-platform/prediction/docs/deploying-m
odels

Problem: Federated learning models trained with non-IID
data suffer from low accuracy and are less generalised to
the entire dataset. Furthermore, the local data that is highly
personalised to the device users’ usage pattern creates local
models that diverge in different directions. Hence, the global
model may have relatively low averaged accuracy.
Forces: The problem requires to balance the following forces:
• Computation cost. The complex model that solves the

non-IID issue consumes more computation and energy re-
sources every round compared to general federated model
training. It also takes longer to compute all the training
results from the different tasks before submitting them to
the central server.

• Data privacy. To address the non-IID issue, more infor-
mation from the local data needs to be explored to un-
derstand the data distribution pattern. This ultimately ex-
poses client devices to local data privacy threats.

Solution: The multi-task model trainer performs similar-
but-related machine learning tasks on client devices. This
enables the local model to learn from more local data that
fit naturally to the related local models for different tasks.
For instance, a multi-task model for the next-word predic-
tion task is trained using the on-device text messages, web
browser search strings, and emails with similar mobile key-
board usage patterns. MOCHA [38] is a state-of-the-art fed-
erated multi-task learning algorithm that realises distributed
multi-task learning on federated settings.
Consequences:

Benefits:
• Model quality. Multi-task learning improves the model

performance by considering local data and loss in opti-
mization and obtaining a local weight matrix through this
process. The local model fits for non-IID data in each
node better than a global model.

Drawbacks:
• Model quality. Multi-task training often works only with

convex loss functions and performs weak on non-convex
loss functions.

• Model portability. As each client has a different model,
the model’s portability is a problem that makes it hard to
apply multi-task training on cross-device FL.

Related patterns: Client Registry, Model Co-versioning Reg-
istry, Client Cluster, Deployment Selector

Known uses:

• MultiModel18 is a neural network architecture by Google
that simultaneously solves several problems spanningmul-
tiple domains, including image recognition, translation,
and speech recognition.
18https://ai.googleblog.com/2017/06/multimodel-multi-task-machine-

learning.html
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