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Edge devices generate massive data
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Federated learning helps 

• Reduce data migration/privacy risk
• Learn on fresh real-world data
• …
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Challenges in Federated Learning (FL)
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Challenges in Federated Learning (FL)
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FL In-cluster ML

Data Heter.
Homogeneous 

via shuffling

System Heter. Homogeneous

Scale O(1M) O(10) 

Dynamics Client can drop 
out/rejoin

Negligible

… … …

…
…

Large scale and dynamics



While Existing FL Optimizations Are Diverse …
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• To tackle challenges, we optimize 
• Statistical efficiency

• Round-to-accuracy convergence
• Final model accuracy, …

• System efficiency
• Reduce network traffics
• Discard system stragglers, …

• Privacy and security
• … Diverse FL efforts in algorithm/system



Inefficiency of Existing FL Benchmarks
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LEAF FedEval FedML Flower

Heter. Client Dataset ⭕ ✕ ⭕ ⭕

Heter. System Speed ✕ ✕ ✕ ✕

Client Availability ✕ ✕ ✕ ✕

Scalable Platform ✕ ⭕ ⭕ ✓
Real FL Runtime ✕ ✕ ✕ ✕

Flexible APIs ✕ ✕ ✓ ✓
⭕ : limited support

Few realistic datasets
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LEAF FedEval FedML Flower

Heter. Client Dataset ⭕ ✕ ⭕ ⭕

Heter. System Speed ✕ ✕ ✕ ✕

Client Availability ✕ ✕ ✕ ✕

Scalable Platform ✕ ⭕ ⭕ ✓
Real FL Runtime ✕ ✕ ✕ ✕

Flexible APIs ✕ ✕ ✓ ✓
Overlooking system aspects leads 

to optimistic performance
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LEAF FedEval FedML Flower

Heter. Client Dataset ⭕ ✕ ⭕ ⭕

Heter. System Speed ✕ ✕ ✕ ✕

Client Availability ✕ ✕ ✕ ✕

Scalable Platform ✕ ⭕ ⭕ ✓
Real FL Runtime ✕ ✕ ✕ ✕

Flexible APIs ✕ ✕ ✓ ✓
Inability for large-scale evaluation
under-reports FL performance

ShuffleNet on OpenImage
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LEAF FedEval FedML Flower

Heter. Client Dataset ⭕ ✕ ⭕ ⭕

Heter. System Speed ✕ ✕ ✕ ✕

Client Availability ✕ ✕ ✕ ✕

Scalable Platform ✕ ⭕ ⭕ ✓
Real FL Runtime ✕ ✕ ✕ ✕

Flexible APIs ✕ ✕ ✓ ✓

Missing FL runtime 
discourages system 
optimizations

⭕ : limited support



Inefficiency of Existing FL Benchmarks
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LEAF FedEval FedML Flower FedScale

Heter. Client Dataset ⭕ ✕ ⭕ ⭕ ✓
Heter. System Speed ✕ ✕ ✕ ✕ ✓

Client Availability ✕ ✕ ✕ ✕ ✓
Scalable Platform ✕ ⭕ ⭕ ✓ ✓
Real FL Runtime ✕ ✕ ✕ ✕ ✓

Flexible APIs ✕ ✕ ✓ ✓ ✓

 fedscale.ai 

⭕ : limited support
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Realistic FL
Datasets

#1
Scalable Eval

Platform

#2 # 3
Easy 

Development



Statistical Client Datasets
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• ~20 diverse datasets w/ realistic partition  
• CV, NLP, RL tasks
• Small/Medium/Large scales
• Standardized data loader

Some FedScale Datasets
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Statistical Client Datasets

14

Realistic client data is heterogeneous in size and distribution
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• ~20 diverse datasets w/ realistic partition  
• CV, NLP, RL tasks
• Small/Medium/Large scales
• Standardized data loader



Statistical Client Datasets

15
FedScale Datasets

• Use cases  
• Investigate convergence under realistic dist.
• Pinpoint accuracy fairness across clients
• Personalize models for different clients
• …

• ~20 diverse datasets w/ realistic partition  
• CV, NLP, RL tasks
• Small/Medium/Large scales
• Standardized data loader
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Realistic FL
Datasets

#1
Statistical client datasets
• ~20 datasets w/ real partition 
• Various FL tasks/scales

Client system traces
• Client device speed
• Device availability over time

Scalable Eval
Platform

#2 # 3
Easy 

Development



FAR: FedScale Automated Runtime
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• Scalable eval platform
• GPUs/CPUs
• High resource util.

Aggregator Simulator

Client Manager
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Aggregation Handler

GPU 2

FAR Platform

① Submit config

Model Config

② Simulation of Practical FL

Resource Manager

Client  
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FAR Platform

① Submit config

Model Config

② Simulation of Practical FL

• Practical FL runtime
• Convergence
• System duration

Metrics
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Accuracy/loss
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FAR: FedScale Automated Runtime
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• Scalable eval platform
• GPUs/CPUs
• High resource util.

• Practical FL runtime
• Convergence
• System duration 1
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FAR can evaluate the practical scale of
federated learning O(1k) participants/round

10 GPUs (nodes) Setting



FAR: Easily-Deployable Benchmarking
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• Flexible APIs to automatically integrate new plugins
• Little effort to customize/benchmark new designs

Some Example APIs

Oort [OSDI’21]



FAR: Easily-Deployable Benchmarking
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A few lines are enough for benchmarking

• Flexible APIs to automatically integrate new plugins
• Little effort to customize/benchmark new designs



FAR: Easily-Deployable Benchmarking
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A few lines are enough for benchmarking
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FedScale can benchmark more realistic
statistical/system performance

• Flexible APIs to automatically integrate new plugins
• Little effort to customize/benchmark new designs
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Realistic FL
Datasets

#1

Client system traces
• Client device speed
• Device availability over time

Scalable Eval
Platform

#2
Standardized benchmarking
• GPUs/CPUs
• Standalone/Distributed
• Practical FL runtime 

# 3
Easy 

Development

Easily-deployable to plugins
• Flexible APIs
• Extensible to new traces
• Automated integration

Statistical client datasets
• ~20 datasets w/ real partition 
• Various FL tasks/scales
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Realistic FL
Datasets

#1

Client system traces
• Client device speed
• Device availability over time

Scalable Eval
Platform

#2
Standardized benchmarking
• GPUs/CPUs
• Standalone/Distributed
• Practical FL runtime 

# N
fedscale.ai

FedScale is open-source:

We welcome
your contributions!

Statistical client datasets
• ~20 datasets w/ real partition 
• Various FL tasks/scales


