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Prompt Tuning in 
FL Our SolutionCore 

Challenges

Global Prompt Tuning - 
poor generalization across 

heterogeneous clients

Personalized Prompt 
Tuning - overfits local 

data, lacks global 
generalization

Class-Contextualized 
Mixed Prompt 
(CCMP) - adaptively 
combined from global 
class prototypes and 
client class priors & 
cls-token 
representations. 

PEP-FedPT achieves generalization and  sample level personalization  by use of global prompts ONLY. 

Cls-token representation before and after CCMP insertion at ViT layer

   Prompt insertion into a ViT layer: The input and output can be written as

   Computation of class prototypes: Using cls-tokens for a particular class

   Computation of CCMP scores: Using client class priors and its prototypes

   Computation of CCMP: Using CCMP scores and class specific prompts

   Aggregation of class prototypes: Server aggregates periodically

i: data-point index, l: layer index, k: client index, r: aggregation period index, n: number of data points, c: class index  
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Computation and Communication Costs

Theoretical Underpinnings of CCMP

• Assuming prompt space is compact and 
the loss function is Lipschitz-smooth, 
CCMP minimizes a quadratic upper 
bound on the loss. The loss is minimized 
at m⁽ᵏ⁾ = ∑ᵢ δᵢᵏ p꜀, and the bound becomes 
tight when p꜀= p*꜀. 

• CCMP (m(l-1)
k) is proven to be the 

Minimum Mean Squared Error (MMSE) 
estimator of the true class prompt, derived 
from a joint density pk(clsl-1

 , p) over cls 
tokens and prompts with posterior 
probabilities modeled from ViT outputs at 
layer l-1.
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