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• Patient clustering in a federated learning system is im-
plemented by Massachusetts General Hospital to improve
efficiency in predicting mortality and hospital stay time
[17].

3.2. Model Management Patterns
Model management patterns include patterns that handle mo
-del transmission, deployment, and governance. A message
compressor reduces the transmitted message size. A model
co-versioning registry records all local model versions from
each client and aligns them with their corresponding global
model. A model replacement trigger initiates a new model
training taskwhen the converged globalmodel’s performance
degrades. A deployment selector deploys the global model
to the selected clients to improve the model quality for per-
sonalised tasks.
3.2.1. Pattern 4: Message Compressor
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Figure 7: Message Compressor.

Summary: Amessage compressor reduces themessage data
size before every round of model exchange to increase the
communication efficiency. Fig. 7 illustrates the operation of
the pattern on both ends of the system (client device and cen-
tral server).
Context: Multiple rounds of model exchanges occurs be-
tween a central server and many client devices to complete
the model training.
Problem: Communication cost for model communication
(e.g., transferring model parameters or gradients) is often a
critical bottleneck when the system scales up, especially for
bandwidth-limited client devices.
Forces: The problem requires to balance the following forces:
• Computation cost. High computation costs are required

by the central server to aggregate all the bulky model pa-
rameters collected every round.

• Communication cost. Communication costs are scarce
to communicate the model parameters and gradients be-
tween resource-limited client devices and the central server.

Solution: The model parameters and the training task script
as one message package is compressed before being trans-
ferred between the central server and client devices.
Consequences:

Benefits:
• Communication efficiency. The compression of model pa-

rameters reduces the communication cost and network

throughput for model exchanges.
Drawbacks:
• Computation cost. Extra computation is required for mes-

sage compression and decompression every round.
• Loss of information. The downsizing of the model param-

eters might cause the loss of essential information.
Related patterns: Client Registry, Model Co-Versioning
Registry

Known uses:

• Google Sketched Update [24]: Google proposes two com-
munication efficient update approaches: structured update
and sketched update. Structured update directly learns an
update from a restricted space that can be parametrised
using a smaller number of variables, whereas sketched up-
date compresses the model before sending it to the central
server.

• IBM PruneFL [21] adaptively prunes the distributed pa-
rameters of the models, including initial pruning at a se-
lected client and further pruning as part of the federated
learning process.

• FedCom [15] compresses messages for uplink communi-
cation from the client device to the central server. The
central server produces a convex combination of the pre-
vious global model and the average of updated local mod-
els to retain the essential information of the compressed
model parameters.

3.2.2. Pattern 5: Model Co-versioning Registry
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Figure 8: Model Co-versioning Registry.

Summary: Amodel co-versioning registry records all local
model versions from each client and aligns them with their
corresponding global model. This enables the tracing of
model quality and adversarial client devices at any specific
point of the training to improve system accountability. Fig. 8
shows that the registry collects and maps the local model up-
dates to the associated global model versions.
Context: Multiple new versions of local models are gener-
ated from different client devices and one global model ag-
gregated each round. For instance, a federated learning task
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