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Motivation

• Most of works in FL consider accuracy as the main performance metric.
• Beyond accuracy, in various decision-making scenarios where an incorrect prediction 
may result in high risk (e.g., medical applications or autonomous driving), it is also crucial 
for the users to determine whether to rely on the FL model’s prediction or not for each 
decision.
• the trained FL model should have a reliable confidence in each of its predictions, meaning
that the confidence of the neural network matches well with its actual accuracy.
• In centralized settings, neural networks are often miscalibrated, indicating that the 
prediction confidence of the model does not accurately reflect the probability of 
correctness. 

- even more important in many FL use-cases
- an overconfident global model could lead to misinformed decisions with potentially
severe consequences for each client



Motivation

• In centralized training settings, research generally follows two paths to address this 
miscalibration issue.

- train-time calibration methods: incorporate explicit regularizers during the training 
process to adjust neural networks, scaling back over/under confident predictions

- post-hoc calibration: transforms the network’s output vector to align the confidence 
of the predicted label with the actual likelihood of that label for the sample(applied to the 
already trained model to improve calibration using an additional holdout dataset) 

- impractical for FL



Observation

• FL experiences more significant model miscalibration than centralized learning.
- This disparity is likely due to data heterogeneity across distributed FL clients, causing each client’s 

local data to have a different impact on calibration performance.
• When applying auxiliary-based calibration methods(DCA/MDCA), a better ECE is achieved compared to 
FL without calibration.

- Fig. 1(d) is still not well-calibrated by neglecting global calibration needs in heterogeneous FL settings, 
resulting in overconfident predictions.



Method



Method

• BRIDGING FEDERATED LEARNING AND MODEL CALIBRATION

• 1) integrate the calibration loss with the FL loss

auxiliary calibration loss : DCA

a Multi-class DCA (MDCA) : 

• enhance calibration without 
significantly impacting the primary 
classification loss, ℓ.



Method

• 2) remaining challenge : Choosing an appropriate βm tailored to each client m
• Direct application of auxiliary loss calibration methods without adapting to FL characteristics would 
result in uniform calibration weights, such that β1 = β2 = ... = βm.

- leads to local models being calibrated solely to their respective datasets Dm
- uniformly large weights potentially neglecting accuracy improvements from classification
- uniformly small weights biasing calibration toward local heterogeneity

- risks neglecting the broader global calibration needs necessary for optimal performance across the 
entire global distribution.

• Non-uniform penalty design(NUCFL)
- a local model closely resembling the global model is likely 
to represent global characteristics well, suggesting that the 
penalty appropriately reflects the calibration needs of the 
global model.
- a dissimilar/heterogeneous local model suggests a focus on 
local objectives (e.g., to improve accuracy) at the expense of 
global alignment.



Experiments

utilize three similarity measurements–cosine similarity (COS), linear centered kernel alignment (L-CKA), and RBF-CKA
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• While using a scaler aggregated from local clients can reduce global ECE, it may neglects the interactions 
between global and local calibration needs.
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